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 This chapter addresses “other evaluation issues” that have been raised in some jurisdictions regarding additional the context of energy -efficiency (EE) program evaluation issues. . The primary focus of this chapter is on methods being used to address persistence of energy savings.  Other issues that receive a summary treatment are synergies across programs, rebound, leakages (across geographic areas), dual baselines, and errors-in-variables (the measurement and/or accuracy of input variables to the evaluation).  Persistence of savings and measure life are is an important inputsinput to the benefit-cost analysis of EE programs and portfolios.  The more expansive existing literature and the Persistence is used to define the stream of benefits over time from an EE measure or program.  As a result, the role of persistence in assessing the economics of EE programs through the benefit-cost tests and models are reasons for the focusmore expansive existing literature on persistence led to it being the focal issue in this issuechapter. 

This chapter is divided into two sections.  The first section addresses persistence and the second section addresses other issues – synergies across programs, errors-in-variables, dual baselines and rebound – in separate subsections,  
This chapter starts by defining the problempersistence and identifying issues that need to be considered. in its evaluation. The Statestate of the practice in addressing persistence is addressed along withand examples taken from persistence studies.  are presented. A set of recommendations for considerationaddressing persistence is presented at the end of the persistence section.  Appendix A to The second section of this chapter examinesaddresses the listed “other evaluation issues.” Appendix A presents a matrix of persistence issues and methods by program type.  The last section of this chapter addresses other evaluation issues that should be considered along with persistence.
Persistence of Energy Savings

This section focuses on persistence and its role in making good decisions regarding EE investments. It outlines program evaluation methods that can be employed to assess persistence or, in other words, the reliability of savings over time. 
Persistence of savings is a topic that often comes up in evaluations of EE programs and portfolios due to the need to developnecessary input into developing a time series for the value of energy savings for useused in the benefit-cost tests.  Benefits are measured as the net present value (NPV) of a stream of benefits based on the energy and demand savings achieved by the program.  Depending on the mix of measures and their assumed lives, these benefits may extend tofor up to 15 years and moreor longer for some measures.  As a result, assumptions about the persistence of savings over time can have a substantive effect oninfluence the EE benefit-cost tests.

The protocols developed under the Uniform Methods Project (UMP) in other chapters focus on estimating first-year savings, or occasionally on estimating first and second year savings when more participants are needed for the impact evaluation.  These initial evaluations are often quite detailed and assess both the energy savings and the quality of the program in terms of installation, engineering calculations, and equipment selection (where on-site visits are used to validate initial (ex ante) estimates.). Extrapolating savings out beyond the evaluation period has mostlytypically been based on engineering judgment, manufacturer specifications, and some empirical work that; these factors are used to develop tables of measure lifetimes, and degradation factors.  
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This section focuses on the issue of persistence and its role in making good decisions regarding investments in EE.  This chapter outlines methods that can be employed in the context of program evaluation to assess persistence or, in other words, the reliability of savings over time.  
Addressing Persistence
Persistence of savings in this chapter encompasses both the measure retention and performance degradation of measures. Together, these factors are used to estimate how the ex ante assumptions of persistence used in program planning can be updated based on ex post evaluation studies.  Different jurisdictions define and treat these components of overall persistence differently.  As a result, defining what is meant by overall persistence and addressing some of the subtle context issues are important for the discussion.

There are a number of subtle aspects to the definitions context and definition of overall persistence.  The context used here is the same as that developed in Energy & Resource Solutions (2005).  This context), which divides overall persistence into two components –: 1) measure life; and 2) savings persistence.  There are several definitions that appear in the literature.  

For the structure of this chapter, theThe most consistent and practical definitions for use in developing estimates of the overall persistence of savings over time were developed byfor the Joint Massachusetts Utilities.[footnoteRef:2]  (Energy & Resource Solutions 2005).[footnoteRef:3] Recognizing that definitions for the terms such as persistence and realization of savings are not nationally consistent, the following definitions were proposed in this Massachusetts study. These definitionsoutlined below provide a structure that can be addressed by evaluation methods.  Each factor – Measure Life and Savings Persistence Both factors—measure life and savings persistence—are elements of overall persistence that are amenable to ex post studies.    This definition is These definitions were selected as it usesbecause they use categories of effects and factors that can be quantified based using ex post evaluation methods.  For example, it is difficult to estimate technical measure life based on on-site inspections, as there may be many reasons for that a measure is no longer being in place. As a result, technical measure life and other reasons for measure non-retention are combined.  Measure life is simply the expected time a measure can be expected to be in-place and operable. This leads to theThe following definitions that allow for the application of analysis methods proposed below.  are used in this chapter: [2: ]  [3:  This study for the Joint Massachusetts Utilities’ defines measure life as the median number of years that a measure is installed and operational. This definition implicitly includes equipment life and measure persistence. On the other hand, savings persistence is the percent change in expected savings due to changed operating hours, changed process operation, and/or degradation in equipment efficiency relative to the baseline efficiency option. ] 


The two groups of effects that account for most of the factors that influence persistence of savings from EE measure or program are:[footnoteRef:4] [4: ] 


1. Measure Life or Effective Useful Life (EUL):  The median number of years that a measure is in place and operational after installation. This definition implicitly includes equipment life and measure persistence, (defined below), but not savings persistence (see below)..
Equipment life is the number of years installed equipment will operate until failure.
Measure persistence takes into account business turnover, early retirement or failure of the installed equipment, and any other reason the measure would be removed or discontinued. 
2. Savings Persistence: The percent of change in expected savings due to changed operating hours, changed process operationoperations, and/or the performance degradation inof equipment efficiency relative to the baseline efficiency option. For example, an industrial plant that reduces operation from two shifts to one shift may result in a savings persistence factor of 50%, as only half the projected energy savings would be realized. Improper operation of the equipment may also negatively affect savings persistence. As such, training and commissioning could improve savings persistence. Finally, most equipment efficiency degrades over time. Annual energy savings may increase or decrease relative to the efficiency degradation of the baseline efficiency option.

Figure 1 illustrates how the two persistence factors are used to produce savings that are adjusted for persistence:  Savings Adjusted for Persistence = (Measure Life Factor) x (Savings Persistence Factor) x (Initial Savings Estimate) ).[image: ]Figure 1. Relationship of Measure Life, Savings Persistence, and Initial Savings Estimates

Figure 1: Relationship of Measure Life, Savings Persistence and Initial Savings Estimates[image: ]	Comment by W Newbold (235-7895): I don’t understand the “Relative to Realization” box under Savings Persistence Factor—isn’t the entire subject of savings persistence relative to realization?
[Source: Adapted from Energy &Resource Solutions (2005])).

Several issues The following lists several factors that should be considered when selecting the type of study that might be undertaken to examine energy savings persistence:
1. Available Ex Ante Estimates of Persistence -. There are almost always ex ante estimates of the assumed stream of savings for a program (based on current estimates of measure life and degradation) that have been); these estimates are used in the initial benefit-cost analyses conducted as part of program design; or, in the benefit-cost tests of initial program evaluations efforts.  As a result, most studies of persistence take the initial ex ante stream of savings and test to see if the ex post results to see if they are significantly different from the ex ante values.  This is often presented as a realization rate,  (i.e., the ex post value divided by the initial ex ante values), which is the year-by-year savings estimatesestimate used in benefit-cost studies.  
2. Uncertainty in Ex Ante Estimates -. The decision of whether to conduct a new “ex post” study of persistence and the corresponding level of effort for that study is based on the confidence the evaluator or decision-maker has in the ex ante stream of savings values.  If the uncertainty is viewed as being high, and sensitivity analysis shows that plausible revisions to persistence of energy savings substantively changes the results of benefit-cost tests;, then, it may be worthwhile undertakingto undertake additional work on persistence that might revise the existing ex ante estimates.  For example, changes in measure life that do not take effect until the 14th or 15th year of the measure may be discounted in the NPV calculation (see discussiondiscussed below) such that the additional work on estimatingneeded to estimate these values may not be worth estimating. worthwhile. Measures that have shorter life values or may be subject to near -term degradation in savings will beare more important to studyevaluate, as they will have a greater impact on the resulting benefit-cost tests.

3. Discounting Values of Energy Savings over the Life of the Measure –. The stream of program benefits over time is discounted, resulting in near -term savings estimates that have a larger impact on the NPV of benefits that dothan the values fartherfurther out in the future. For example, the effect of research on the measure life of a second refrigerator retirement that extends it from six years to eight years would be muted somewhat in the benefit-cost analysis due to discounting. The energy savings from this updated measure life of two additional years would be muted in its application by discounting the benefits for year 7 and year 8. The impact of discounting will depend upondepends on the discount rate being used and the measure life.  For example, if a discount rate of 5% is used, the savings will be reduced to by 0.78 x multiplied by the energy savings at 5five years.  At 10 years and a 5% discount rate, the discountednew value would be 0.61 xmultiplied by the energy savings.  At a discount rate of 7% for a 10 year time period, the value would be discounted by 0.51 x energy savings.  If the research on, for example, the measure life of a high efficiency refrigerator results in extending the measure life from 6 years to 8 years, this effect would be muted somewhat in the benefit-cost analysis due to discounting.   The additional energy savings from this “better” measure life value of two years would be muted in its application of benefits by the discount factor for year 7 and year 8.
multiplied by the energy savings. 	Comment by W Newbold (235-7895): I think this means the 10th year value is 51% of the original.  As written it means it’s 49% of the original value.
4. Differences in Baseline and EE Energy Streams of Benefits. Energy savings calculations are based on the difference between the post EE state and the assumed baseline.  If the baseline and EE equipment havehas the same level of degradation in performance;, then, the energy savings factor due to degradation would be 1 and it would be appropriate to assume constant energy savings over the life of the EE measure.[footnoteRef:5]  In fact, if the relative persistence of savings is higher for the EE measures compared to a baseline comprised of standard measures;, then, energy savings not only persistpersists, but can increase over time.
	Comment by W Newbold (235-7895): I think this is what you’re trying to say. [5:  The report from Peterson et al. (1999) is a good example of degradation being measured for both an efficient appliance offered by an EE program and standard equipment. This study showed that the high-efficiency coils start with and maintain a higher efficiency than standard efficiency coils. The slower degradation rate increases the life of the equipment, and the equipment uses less energy over its operational lifetime. Even though both high-efficiency and standard units showed performance degradation over time, the lower rate of degradation in the high-efficiency units resulted in a recommended degradation factor exceeding 1.0 in most years. This factor increased from 1.0 to 1.08 over the 20 year expected life of the unit, indicating that savings not only persisted, but actually increased relative to the baseline over the assumed life of the equipment. ] 

The four effectsfactors above simplyare meant to address the following two questions:

1. If a persistence study is conducted, is there a reasonable likelihood that the new trend in energy savings over time would be substantively different from those used in the initial benefit-cost analyses (which may have been based on engineering judgment combined with surveys of the available literature measure lifetime and performance?
)?
2. Given a new persistence factor, wouldWould the NPV benefits of the program change given a new persistence factor, the discount rate being used, and the fact that there would likely have been some change in the level of baseline energy use level that may also be due to performance issues of the baseline equipment?

There may be good reasons to assess persistence, as many factors can influence the stream of energy savings over a 3three to 10 year time frametimeframe. A sample of these common factors areis listed in Table 1 below. . 
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Table 1:. Factors Influencing Persistence
	Residential Sector 
Programs and Measures
	Commercial and Industrial (C&I)Sector Programs and Measures

	1. Changes in ownership
2. Maintenance practices
3. Changes in use of equipment use
4. Behavioral changes
5. Occupancy changes
6. Inappropriate installation of equipment
7. Manufacturer’sManufacturer performance estimates do not reflect in-field operating conditions.
8. 
	1. Business turnover
2. Remodeling of office space or plant
3. Varying maintenance
4. Operating hours and conditions
5. Inappropriate installation of equipment
6. Manufacturer’sManufacturer performance estimates do not reflect in-field operating conditions
7. Estimated useful life of equipment 
8. 



Before deciding on whether additional analyses are needed, it is a good idea tofirst test the sensitivity of NPV of benefits due to what are viewed asfrom potential changes in the persistence of savings. This can help assessdetermine whether the impact may be large and deserving ofdeserve a substantial study effort, or relatively small andin which a modest retention study may beis most appropriate.  Sensitivity analyses using the benefit-cost models can highlight those measures wherefor which adjustments in persistence will have the largest impact.  This can be used to prioritize persistence evaluation efforts.
State of the Practice in Assessing Persistence

Professional judgment plays a significant role in selecting a method for assessing persistence.  The California EE Evaluation Protocols[footnoteRef:6] (California Public Utilities Commission 2006) presents several types of retention, degradation, and measure life/EUL studies that can be selected based on the priority given to the issue by regulatory staff or other stakeholders. [6: ] 


Evaluators seem to rely on the following two processes for developing estimates of persistence:
1. ONE:  Database or Benchmarking Approach -. Develop and regularly update[footnoteRef:7] a database of information on measure life and performance degradation.   [7:  It is important that these benchmarking studies be updated on a regular basis.  The cost of these updates should be included in the cost estimate for using this approach. While it may look less costly on a one-time basis, the level of effort required to update the database regularly can be significant. This is important, as these databases are sometimes the source of deemed values for measure life and persistence of savings that are used in evaluation efforts.] 

2. TWO:  Periodic In-Field Studies -. Perform selected in-field studies of program participants from earlier years.

These two approaches are not necessarily mutually exclusive, in that periodic studies may be used to update a measure life and performance degradation database, or to focus on only on those measures that account for a large fraction of the savings.  In-field studies of program participants, a number of years after participation, provide direct information on persistence of savings for that program.  The database/benchmarking approach is often used due to the large number of EE measures, concerns about the sample sizes required for in-field studies for some measures, and the cost of conducting in-field persistence studies.  

Examples of the Database/Benchmarking Approach

The database/benchmarking approach is illustrated through the objectives set out for three example studies discussed below.  These three studies were developed using engineering judgment and secondary data sources.

Example Study 1:  GDS Associates (2007), “Measure Life Report:  Residential and commercial/Industrial Lighting and HVAC Measures” prepared for The New England State Program Working Group (SPWG), June.). 

Objective:  “The measure life values presented in this report were developed to meet the following conditions:
Accurately reflect conditions for measures installed by EE programs in the New England states that have supported this research effort;
Satisfy any ISO-NE requirements (e.g. for definition and documentation sources); and,
Work as common values, accepted by all New England states for the FCM” (i.e., the ISO-NE forward capacity market.)). 

Methodology:  “Reviewed all secondary data collected and developed a preliminary list of potentially applicable residential and C&I measures. This list was then distributed to program administrator staff within the SPWG for review and to obtain additional program-specific measure life values and associated documentation sources. GDS compiled all responses and developed initial measure life recommendations for SPWG member consideration.” 

Example Study 2: KEMA (2009), “Focus on Energy Evaluation:  Business Programs: Measure Life Study Final Report,” prepared for the Public Service Commission of Wisconsin, August 25.).

Objective and Methodology:  “The principal objective of this study was to update the current measure life estimates used by the Focus Evaluation Team and the Focus Program. The evaluation team’s approach to this study consisted entirely of secondary research; the team did not conduct primary research, fieldwork, or produce a savings persistence study.”

Example Study 3: Energy & Resource Solutions (2005), “Measure Life Study,” prepared for The Massachusetts Joint Utilities, November.).

Objective:  “The primary goals of the Common Measure Life Study were as follows: 
Define measure life and related terms, such as persistence
Review the provided table of current measure lives
Survey other utility EE programs
Develop a table of technological measure lives
Recommend common measure lives and persistence assumptions to be used by the sponsors.”
Methodology:  “ERS reviewed the tables of agreed upon and disputed measure lives provided by the sponsoring utilities. As tasked in our proposal, we researched several sources to use in support of selecting individual measure lives. We first thoroughly researched the CALMAC database. The CALMAC database provides a public depository for all persistence, technical degradation factor (TDF) and other related studies performed in the State of California. Next, we surveyed many electric utilities and state utility commissions throughout the nation, obtaining other utilities’ tables of measure lives. We obtained measure life tables used in 8 states by at least 14 different utilities. Finally, we performed a literature search, referenced technical sources and consulted equipment manufacturers to establish a table of technical lives for each measure. In conjunction with these efforts, we specifically researched the effect of New Construction versus Retrofit status on measure lives, as well as the effect of Small versus Large businesses.”

All three of the studies referenced above used engineering judgment, experience with energy efficientEE measures, and information on local and regional conditions to develop tables of measure lives that can be used for use in EE program planning. These values are often used as deemed values for use in persistence to produce the estimated streams of energy savings over time (needed as inputs to benefit-cost calculations.).

These sources have produced some useful estimates for many measures.  There is an understanding based on the The body of work in the field of evaluation and additional on-site work that can informengineering work such as installation and maintenance provides a basis for the use of informed engineering judgment.  A series of retention/survival rate studies in California from 1994 to 2006 found that most ex ante estimates could not be rejected by the in-field studies; however, the in-field studies often had small sample sizes for certain measures and the length ofshort time after installation in which they were conducted was often short,frames that did not allowingallow for many failures to occur in the data setdataset.

Some important measures included in these constructions of engineering-expert developed measure life tables may not have not fared totoo well.  Residential and commercial lighting has provided a large fraction of savings, and the persistence of savings for many of these important measuressavings has been subject to some controversy. controversial. Nexus (2008) found that the measure life for certain lighting measures depended upondepends not only on the equipment, but also on the program design and operating conditions. . 

Skumatz (2009, 2012) critiques the database/benchmarking approach, which is based on engineering judgment combined with literature reviews.  Skumatz points out(2012) identifies strengths and weaknesses in this approach compared to on-site data collection, and she offers suggestions for improving current estimates.  Skumatz points out that measure life values that existexisting in tables often varyvaries by more than 25%%, and that this has “precisely the same impact on a measure’s or program cost-benefit ratio” as savings values that are off by 25%.  While this comment has some merit, the measure life and persistence factors will start off at 1.0 in the initial years of the program and then gradually change over time.  This change in savings will be off-setis offset to some degree by the discounting of benefits from the out years (5five, 10, and 15 years out). . Also, having athis single measure that haswith varying measure life values across engineering-based tables may not be representative ofrepresent the composite effective life of a group of measures that comprise a program.

In-field Persistence Studies (survey and on-site data approaches) 
 
ProtocolsMethods that have been developed to make use of in-field data collected data on program participants at some point after they have participated in an EE program generally rely on the following:
Surveys or on-site visits to determine whether the measure is still in place and operable, and, if it was removed, when and the reasonwhy.
A statisticalStatistical analyses using regression -based methods to estimate retention/survival models that produce estimates of the survival or failure rates of EE measures.
Three categories of the methods are set out in theThe California EE Evaluation Protocols. [footnoteRef:8]  [8: ] 

In[footnoteRef:9] set out three categories of methods used for in-field studies of persistence have generally used three types of approaches: retention, degradation, and measure life/ EUL. , and performance degradation, as follows:  [9:  The language around the methods in the California EE Evaluation Protocols has been adapted to fit the measure life definition and persistence structure used in this chapter. One difference is the use of persistence as the over-arching term for all types of changes in energy savings over time (the California Protocols address this under the Effective Useful Life Protocol section (p. 105). The California Protocols still contain the most comprehensive discussion of methods for assessing persistence (California Public Utilities Commission 2006). ] 

Retention Studies provide the percent of the measures that are in place and operable at a point in time. Retention studies identify technology design, define operable conditions, and describe how operable conditions could be measured. 
Measure Life/ EUL estimates the median numbers of years that the measures installed under the program are still in place and operable. This value is calculated by estimating the amount of time until half of the units arewill no longer be in place and operable.
Performance degradationDegradation includes both technical and behavioral components to measuring time-related and use-related changechanges in energy savings relative to a standard efficiency measure or practice. In general, both standard equipment and energy efficientEE equipment become less efficient over time regardless of the equipment’sequipment measure life.  This factor is a ratio reflecting decreases in savings due to performance degradation from the initial year savings.  

Examples of Retention and Measure Life Studies

A retention study determines the number of installed and operable measures at a given point in time.  A measure life study is an extension of a retention study where there is adequate data available from the study to allow for the development of a statistical model, commonly called a survival analysis, that designed to account for the fact that “estimates failures” that might take place sometime after the data isare measured.

Information onfrom the retention model provides an estimate of the measures installed and operating at a point in time, which allows the evaluator to calibrate its ex ante estimates of persistence.  The current estimates of persistence are adjusted to take into account for the new information and the stream of savings over the year, and could, for example, be adjusted in year 4 to be consistent with the retention study.  This ratio for year 4 would then be used to adjust allthe savings in all subsequent years.	Comment by W Newbold (235-7895): “from” of “in”  ?

The measure life estimation methods are based on survival analysis and provide more information, but in order to be estimated they also require a much larger sample that contains an adequate number of installed and missing (or un-installed uninstalled or replaced) equipment to allow the model to be estimated.  Retention and Measure Live Study Types include:. 

The following are two types of retention and measure life studies:
1. In-place and operable status assessment (based uponusing on-site inspections): 

The in-place assessment studies are verified through on-site inspections of facilities.  Typically, the measure, make, and model number data is collected and compared to participant program records, as applicable. As-built construction documents may be used to verify selected measures where access is difficult or impossible (such as wall insulation). Spot measurements may be used to supplement visual inspections, such as solar transmission measurements and low- e -coating detection instruments, to verify the optical properties of windows and glazing systems.  Correct measure operation shall beis observed and compared to project design intent. Often, this observation is a simple test of whether the equipment is running or can be turned on. ThisHowever, this can also include, however, changes in application or sector such that the operational nature of the equipment no longer meets the project design intent.  For example, working gas-cooking equipment that had been installed in a restaurant but is now installed in the restaurant owner’s home is most likely no longer generating the expected energy savings and would not be counted as a program-induced operable condition. [footnoteRef:10]  [10:  In addition to this language, the California EE Evaluation Protocols outline certain sampling criteria that must be met in California, but these criteria may vary according to the requirements of different jurisdictions. ] 


2. Non-site methods (such as telephone surveys/interviews):  Non-site methods may include telephone surveys/interviews, analysis of consumption data, or use of other data,  (e.g.., from Energy Management Systems (EMS) systems. ). The goal is to get essentially the same data as would be obtained through an on-site verification, but there is the potential for inaccurate data due to a number of factors, as discussed in the Sample Design chapter. 

Both of these methods have been used to estimate the survival models that produce estimates of measure life.  KEMA (2004) used a telephone survey to gather information on refrigerators at years 4 and 9 years as part of the review ofreviewing an appliance recycling program.   Nexus Market Research (2008) conducted a measure life study forof residential lighting measures using on-site verification data.  Both studies provide a good exampleexamples of the collection of information for a basic retention study, as well as an illustration of the statistics necessary to estimate a survival model.[footnoteRef:11] Each is discussed below. [11:  To assist evaluators, the California EE Evaluation Protocols point out that: “Multiple statistical modeling packages (SAS®, Stata®, SPSS®, R®, S+®, and others) provide survival analysis programs. There are several commercial and graduate textbooks in biostatistics that are excellent references for classic survival analysis. One of these used as reference for some of the prior EUL studies in California is the SAS® statistical package and the reference Survival Analysis Using the SAS® System: A Practical Guide by Dr. Paul D. Allison, SAS® Institute, 1995. Several model functional forms are available and should be considered for testing. These forms include logistic, logistic with duration squared (to fit expected pattern of inflection point slowing of retention losses), log normal, exponential, Weibull, and gamma.” ] 

Each is discussed below.

Example Study 1 -: KEMA (2004):  ).
This study looked atwas conducted in 2004 with program participants forfrom the years 1994 through 1997.  The participant survey was conducted in 2004.  The study looked at retained savings over this period.  For each year, the measure life/EUL estimate reflects the following two factors:
theThe time at which half the recycled appliances are from participating premises that have added an appliance;, and,	Comment by W Newbold (235-7895): Don’t understand what this is telling me
theThe time at which half the recycled appliances would have met their ultimate death anyway.[footnoteRef:12]been out-of-service without the program influence. [12: 
] 

The KEMA study illustrates one way in which the ex ante and ex post measure life values can be used. As stated in the study: “For each of the program years from year 4 through year 1994 through 1997, both refrigerators and freezers have an ex ante estimate of measure life/EUL of six years, which has been used in the earnings claims to date. A measure's ex post measure life/EUL is the value estimated by a persistence study. If a measure’s ex ante measure life/EUL is outside the 80 percent confidence interval, the measures ex post measure life/EUL may be used for future earnings claims. Otherwise, the measures ex ante value will continue to be used in earnings claims.”  

Figure 2 is a replication of Table E-1 replicated from the KEMA (2004) study, which shows the comparison between the ex ante and ex post measure life/EUL estimates.  In this case, the measure life study showed that the program was under-estimating the valuemeasure life/EUL values, and the realization rate exceeds one in this study1.0.

Table 2:  Replicated from[image: ]
[bookmark: _Ref330386278]Figure 2. KEMA (2004) Table E-1
[image: ]

Example Study 2 –: Nexus Market Research (2008):  ). 
This study examined the measure life forof lighting products distributed through EE programs in New England.  The definition of measure life is the same as presented above in the Addressing Persistence section 1.1.1 and used in Energy & Research Solutions (2005) example application presented above.  Specifically, Nexus states that “the measure life estimates do not distinguish between equipment life and measure persistence; our estimates—one for each measure category—include both those products that were installed and operated until failure (i.e., equipment life) as well as those that were retired early and permanently removed from service for any reason, be it early failure, breakage, or the respondent not liking the product (i.e., measure persistence).”  

Nexus drew a random sample of participants based on the type and number of products they had obtained through the programs.  The report states: “We collectively refer to these sample products as the “‘measure life products.” .’” Auditors visited a total of 285 homes to conduct an inventory of lighting products and Nexus designed a respondent survey designed to learn more about the measure life products as well asand other lighting products found in the home. These survival analyses was based on three methods: 

The “survival analyses” was based on three types of analyses: 
1. Method 1: Measure Life Tables
2. Method 2: Logit Regression
3. Method 3: Parametric Regression Models of Survival Analysis
Nexus ended up using estimates resulting from Method 3, the parametric regression models of survival analysis. . The results showed that the measure life for CFLs variedvaries by program design,  (i.e., whether the program was coupon based, direct install, or a markdown at a retail facility. ). The results of the Nexus (2008) study are shown in Table 3 below.Figure 3.

[bookmark: _Ref197936683][bookmark: _Toc200342695]Table 3 – Replicated from Nexus (2008) – “Recommended Estimates of Measure Life – Decimals”
	Product
	Measure Life
	80% Confidence Interval

	
	
	Low
	High

	Coupon CFLs
	5.48
	5.06
	5.91

	Direct Install CFLs
	6.67
	5.97
	7.36

	Markdown CFLs (all states)
	6.82
	6.15
	7.44

	Coupon and Direct Install Exterior Fixtures
	5.47
	5.00
	5.93

	Markdown Exterior Fixtures
	5.88
	5.24
	6.52

	All Interior Fixtures
	Continue using current estimates 
of measure life


[bookmark: _Ref330477239]
AFigure 3. Nexus (2008) “Recommended Estimates of Measure Life – Decimals”
Nexus deemed a representation of the results at an 80% confidence interval was deemedas accurate enough for the purposes of this study.  Measure life estimates wereNexus recommended measure life estimates for three different program-specific estimates of measure life measures: one for Compact Fluorescent Lampscompact fluorescent lamps (CFLs) (; coupon, direct install, and markdown)[footnoteRef:13]) and two for exterior fixtures (markdown and all other programs).   [13:  Due to the diversity of program types throughout the region, Nexus used the term “markdown” to refer to both markdown programs (offered in all the states) and buy-down programs (offered in some of the states).] 

Nexus did not recommend an estimate of measure life for interior fixtures, as they viewed the data were viewed as being collected too early in their life cyclethe measure lifecycle to provide a reliable estimate.  This occurs with a number of measure life studies that are conducted to early,  (i.e., before there have been enough failures or un-installs to allow for the statistical modeling of measure life. ). 

Examples of Degradation Studies

Less work was foundThere are few reports that directly focusedfocus on the degradation of savings. Two types of studies were found –are available: 1) those that focusedfocus on technical degradation;, and, 2) those that used billing analyses and capturedat a point in time after participation to capture all the factors that impacted persistence of savings by performing a billing analysis at a point in time after participation.. 

One of the clearest examples of a technical degradation study is a study by Proctor Engineering (1999).  The second example is a billing analysis of a customer information program performed by Navigant (2011)), which was used to examine trends in the persistence of energy savings.  Each isBoth are presented as examples of persistence studies focusingfocused on degradation –: one on technical degradation[footnoteRef:14] and the other on the persistence of impacts across two years for a behavioral program.	Comment by W Newbold (235-7895): I think this is what you wanted to say. [14: ] 


Example Study 1 -: Proctor Engineering (1999):  ). 
The purpose of this project iswas “to examine the relative technical degradation of demand side management (DSM) measures compared to standard efficiency equipment.  This project covers two major DSM measures: commercial direct expansion air conditioners (Comm. DX AC) and EMS.”

TheProctor Engineering’s methodology involved establishing a time series estimate for condenser and evaporator coil fouling rates. This was, derived from available research. LaboratoryThey used laboratory testing was used to modify the estimated fouling rates and establish a profile for coil fouling. BothThey tested both high efficiency and standard efficiency coils were tested in a controlled laboratory environment and both were subjected to continuous fouling. The Proctor monitored the efficiency of the air conditioner was monitored at various intervals to document the effects of coil fouling on efficiency. 

The results of this study found that the impact on standard equipment was greater, and that the high efficiency units actually had a higher level of savings persistence based on this technical degradation study. . The end result was that the “testing shows that the TDF for this measure is greater than one.”   This is an example whereof degradation needsneeding to be conducted with reference to standard efficiency equipment.  EE measures may have performance degradation, but stand equipmentso does as well. standard equipment. If the EE measures have a lower rate of degradation;, then, savings increase (as measured against the standard equipment baseline increases.).

The assessment ofTo assess EMS, Proctor used an on-site methodology rather than laboratory testing.  The results forof the EMS study were:

 “The research data showed that although there is some EMS savings degradation at some locations, other locations show increasing savings. Some of the causes for this persistence are:
· No instances of disconnected or non-operational EMSs were found.
· The vast majority of EMSs appeared to be operated in a competent and professional manner.
· EMS operators had found that the EMS was a useful tool in performance of their jobs..”
Proctor Engineering contrasted their work with other EMS studies showing greater degradation due to operational issues.  The explanation forThey explained the high level of persistence that they found compared to other studies wasas due to the high interest of the program participants in saving energy as compared to a more random group of facilities that may not have been involved in EMS -related EE programs.

Proctor Engineering also conducted a billing analysis to confirm these findings.  TheFor this billing analysis brought together, they combined all the consumption data from all the sites and estimated the persistence of savings over time. The regression process provided statistically significant estimations at the 95% level.[footnoteRef:15]  [15:  References to statistically significant results in regression analyses must be carefully interpreted. They may have been testing to determine if the effect was significantly different than zero (±100% precision), or the test may have actually established a precision level of ±10% or another level of precision, e.g., 30%. A statement of statistically significant results should be accompanied an explanation of how to interpret that statement in terms of the level of precision being used in the test of significance. ] 


The primary purpose of this research was to establish technical degradation factors. A technical
degradation factor  (TDF) was), which were estimated for each measure. The results from Proctor (1999) are shown in the Table 4 below:Figure 4.

[bookmark: _Ref329340932]Table 4: Replicated from[image: ]
[bookmark: _Ref330388329][bookmark: _Ref330388327]Figure 4. Proctor Engineering (1999) Table ES-1
[image: ]

The table above
Figure 4 shows that the degradation factors are greater than one1.0 for the high -efficiency DX AC equipment meaning, indicating that the degradation was less for the high -efficiency DX AC equipment than for the standard efficiency equipment.  Still, the difference is small through year 18, and this size of effect might not show up in benefit-cost analyses of these programs due to the discounting required to getobtain an NPV of savings benefits. 

Example Study 2 –: Navigant (2011):  ). 
This study examined the short-term persistence of a behavioral information program using billing data across multiple years.  In this case, the question was one of shortShort-term persistence, but this may be an important questionfactor for these programs.

This study examined an information The program was designed to assist and encourage customers to use less energy; these types of programs are increasing in the industry. OPOWER, Inc. offers an information program to help residential customers manage their electricity use by providing regular reports called “Home Electricity Reports” about the customer’s electricity consumption. Along with other information, these reports compare a household’s electricity use to that of its neighbors, and then suggest actions the household can take to reduce itstheir electricity use. It is hypothesized that presentation ofpresenting energy use in this comparative fashion creates a “social nudge” that induces households to reduce their electricity use.

This report presents an evaluation ofNavigant evaluated the first 29 months of the program, with an emphasis on the second year of the program year. The following main research questions were addressed in the evaluation and presented in this report are the following:
Does the program continue to generate savings?
What is the trend in program savings? Is there a ramp-up period to savings? If so, for how long? Are savings now relatively stable, increasing, or falling?
Do program savings increase with usage?
The rolloutevaluation of this program included the development ofdeveloping a random control group that could be used for the evaluation effort.  The method used was . A fixed-effects regression analysis,  was used, which is a common method used in evaluation method. This regression method is discussed in the Whole House Retrofit Chapter of thethis UMP report.  

NavigantNavigant’s (2011) results showed that the effects of a little over 2% of the energy savings persisted across the 29 months examined in the study, after an initial ramp-up period of aboutapproximately 10-12 months.  The small effect size required a large sample of customers for the regression analysis to produce reliable results. For this behavioral program evaluation, there were over 20,000 treatment customers and a control group of over 30,000 customers.  Large samples are needed to identify small effect sizes from EE programs.

It is easy to see how thisThis regression framework can be applied to a 3rdthird and 4thfourth year of data to assess longer term participation.

Recommendations and Conclusions on Persistence

The persistence of savings from EE programs has beenis addressed by evaluators due to the impact that the stream of savings estimates has on the benefit-cost tests of measures and programs.  Some measure life values are estimated at over 20 years, and most benefit-cost assessments goare estimated out at least 10 years, and more commonly 15 to 20 years.

The review of methods for addressing persistence illustrates a number ofthe different ways it can be addressed.  Research is continuing in this area, but there are and methods that have been adopted in different jurisdictions.  As with any area of evaluation, there will always be improvements.[footnoteRef:16]  Appendix A to this chapter presents tables outlining program orand measure persistence study challenges and issues.   [16: ] 


This balance of this section presents practical recommendations for assessing the persistence of savings.  The goal of evaluation is to help stakeholders make good decisions about investments in EE programs, and this requires both an understanding of technique along withthe techniques and applied judgment.

Recommendations:

R1. Before determining whether to undertake a large-scale persistence study of a program or measure (or even to undertake such a study at all), researchers should consider whether the results of the study are likely to have a material impact on the economics of the program.  Persistence of savings refers to the stream of savings expected from a measure or program over a period of years.  If the revision instudy’s revised persistence of savings is expected to be small and occur in the out years of the program (i.e., 10 years or more in the future);, then, the impact of that change may not affecthave a large effect on the cost-benefit economics.  

ThereThe following are two considerations to keep in mind:
a. Benefit-cost tests are based on NPVs that discount the streams of benefits and costs.  A change in a measure life by a year or two and changes for long-lived measures may not have much of an impact when discounted.
b. Performance The performance degradation of EE measures should be assessed relative to the degradation that of the standard efficiency equipment.  The performance of high efficiency equipment is expected, but standard equipment, as both will also have performance degradation.  The difference between these two values is what determines the impact on savings.
R2. The approaches discussed in this chapter have includedinclude methods to address measure life and savings performance, which may be impacted by operating conditions, behavioral changes, turnover in building occupancy and, changes in measure use, and other factors.  The tools and methods that have been used to date include:	Comment by W Newbold (235-7895): What’s the recommendation?
a. Benchmarking and Database Developmentdatabase development for measure life values and savings persistence.
b. On-site analyses of equipment.
c. Survey methods for select measures amenable to survey techniques.
d. Single year estimation of equipment retention and operation.
e. Multi-yearMultiyear statistical analyses based on survival models.
f. Technical degradation studies based on engineering review.
g. Technical degradation based on laboratory testing.
h. Billing analyses that capture overall persistence,  (i.e., it looks atthat assess savings directly and capturescapture all changes in savings over the time period being analyzed.
).
R3. Select the methodology that best fits the individual circumstances of the measure/program being evaluated.  Each of these methods has circumstances where it can be appropriately applied.   Issues to under certain circumstances. The following issues should be considered inwhen selecting a method include:	Comment by W Newbold (235-7895): I think you’re recommending something like this.
a. Pick the method that is appropriate for the magnitude of the effect expected.  TakingTake a forward -looking view toof what might be learned from a study in advance of conducting that study; while this may seem difficult, but researchers across the evaluation community and across fieldsthe industry make these decisions on a regular basis.  The key is to ensure that the information produced is worth the effort expended to produce it.  The goal is always being to provide the information that decision makers need to havein order to make good investment decisions regarding EE investments.
b. Measures that may have persistence impacts within the first 3three to 7seven years are the most important to study due to their near -term effects and the possibility of making corrections to calculationsthey have of influencing the benefit-cost tests and program designs.
c. A little good work on persistence mayassessment can go a long way.  in enhancing program information. Benchmarking usinguses the expertise of engineers that have been working in the field for years, and may be a good approach for many measures, particularly given the large number of measures across all EE programs. However, past work can be improved upon through the use of more systemized approaches, such as a Delphi-type of analysis.[footnoteRef:17] [17:  Skumatz (2012) presents a number of ways these studies can be improved including the use of Delphi approaches.  An expert panel approach was used in an evaluation of the Northwest Energy Efficiency Alliance’s market transformation programs by Violette and Cooney (2003). ] 

d. BillingThe billing analyses method addresses the issue of persistence most comprehensively.  However, there are a numbercouple of cautions.  to using this method. The effect may be small which will require large sample sizes, and it may be difficult to appropriately controllingcontrol for  other factors outside the program that may be causingcause changes in energy use (other than the EE program) might be difficult to do across a 5five or 10-year period.  Where quality data exists, billing analyses are a good toolmethod for addressingassessing persistence, but it requires an appropriate data platform is needed for billing analysesin order to be reliable.[footnoteRef:18]
 [18:  Billing data analyses that try to reliably estimate small effects (e.g., 2% savings) without the required sample sizes and accurate data for the independent variables (i.e., little measurement error) have often not been successful. Quantum (1998) discusses this issue in the context of using a billing analysis to assess persistence for new home construction.] 

R4. New approaches are being proposed.  Panel data models proposed, and it is important to be open to new methods. Specifically, a panel of participants that areis set up to track at the time of program participants participation could be used in cross-sectional, time-series models. This involves planning for the evaluation of persistence as part of the program design and implementation of the program planning.  This would make persistence much easier to address, particularly in those near -term years wherewhen it is most important.[footnoteRef:19]
	Comment by W Newbold (235-7895): Is the recommendation something like  “Be open to new approaches”  ???? [19:  Panel data methods are suggested as a potential approach in both Skumatz (2012) and Nexus (2008).] 

R5. Certain types of persistence studies, particularly database/benchmarking approaches, might best be addressed on a regional basis that cuts across includes numerous specific programs. Nexus (2008) was a regional study for New England, and more efforts at regional analyses may make sense. In looking for these regional opportunities, it still is important to consider the influence of program design on persistence. In the Nexus (2008) study, program-specific elements had a large influence on the persistence of lighting measures. This can be an advantage, as assessing persistence across a number of regional programs can provide information on the influence of program design on persistence, which might not be found using a series of program-specific studies.	Comment by W Newbold (235-7895): Is the recommendation something like:  “Look for opportunities to work together to obtain economies of scale”  ???

NOTE TO REVIEWERS – Suggestions for other recommendations related to persistence?


Other Evaluation Issues

This section briefly addresses some other evaluation issues or issues that have come up – synergy, errors-in the context of evaluation work-variables and program tracking, dual baselines and rebound. . 
[This section is not yet complete.  These are placeholder comments with the hope of getting more direction on what reviewers think should be covered]
Addressing Synergies acrossAcross Programs
Evaluators are being asked about potential synergies across programs.  For example, certain information programs may result in direct savings impacts, but they may also be adesigned to lead participants into other programs.  In addition, there may be effects across programs.  For example, a whole-house retro-fitretrofit program may influence the up-takeuptake of measures offered in other residential programs.  These synergies representare useful information infor designing programs and in portfolio design. portfolios. Synergies that increase the overall savings from a portfolio of programs are a good outcomeis valuable even if one specific program may havehas lower savings due to these synergies.
The estimation ofEstimating synergies across programprograms has generally been limited to having the portfolio evaluators produce the following:
1. Identify what they believe may be positive and negative synergies;.
2. Assess whether thisthese potential synergies may be large or small by determining their impact as a fraction of theprograms’ savings of the programs.
3. Where this is inpossible given the evaluation scope, using portfolio models can be used to assess the importance of synergies based on ex post evaluation information (e.g., customer interviews as part of on-site visits).  Or, this information can be used by the program administrator to help in) can be very information. 

This approach is not information intensive.  All that is needed is an estimate of the range of effect (low to high level of effect), e.g., from 5% of program savings to 20% of program savings; then, some estimate of where within this range the most likely value falls.  Based on these three points, Monte Carlo methods available in familiar tools can be used to test the importance and sensitivity of program impacts to identified synergies.[footnoteRef:20]  Alternatively, this information can be used by the program administrator to inform the design of future EE portfolios. [20:  An example of this method can be found in Violette and Cooney (2003) and a version of this method is discussed in EPRI (2010, p. 5-4).] 

Conclusion: At the present time, the state-of-the practice involves the identification and potential importance of specific synergies across programs seems to be all that is needed. . However, this often is not always requested of evaluators.  If this was madeassessing synergies becomes part of the evaluator’s reporting requirements, evaluators could modify surveys could be modified to provide useful information on what might be potentially important EE program design questions.considerations. 
Rebound Effects
Errors-in-Variables, Measurement Error, and Tracking Systems
This section outlines the issue of errors in the input variables to an energy savings calculation. This could be caused by an incorrect engineering calculation, or it could be caused by incorrect values of the independent variables being used in the regression analyses. It is important that evaluators take this into account the accuracy of the data and use the best quality data possible. In this contest, data accuracy includes unbiased data that simply has measurement error.  This error may be uncorrelated with the magnitude of the value of the variable and it may be equally distributed on the below and above the values used in the analyses. Measurement error in itself poses challenges for evaluation.  Of course, biased data clearly poses issues for any analysis. Some of the implications and consequences of errors-in-variables and measurement error are outlined in this section.
Program implementers need to be aware that the design the data tracking system and the data collection processes will influence accuracy and reliability of data.  In turn, this data accuracy and completeness will influence the estimated realization rates and the ability to achieve target levels of confidence in these estimates. While errors-in-variables can bias the evaluation results either up or down, there are several practical factors in EE evaluations that tend to result in lower realization rates and lower savings estimates. 
A typical realization rate study uses information from the tracking system to verify that the equipment is in-place, working as expected, and is achieving the energy savings predicted in the tracking system. Tracking system errors can include not properly recording the site location, contact information, equipment information, location where the equipment is installed, and the operating conditions of the equipment. This will make any associated field verification more difficult and the variance around the realization rate greater.   Different data issues will have different impacts on the estimates; however, improved data quality will usually decrease the variance of the realization rate estimate and increase confidence and precision. When expected stakeholders have set high target confidence and precision levels, it is important to accurately track the installed measures’ location, size, model number, date, contact person, and other data required to produce the initial tracking system estimate of savings at that site. 
The issue of errors-in-variables and measurement error can be important. Kennedy (2003) states that: “Many economists feel that the greatest drawback to econometrics is the fact that the data with which econometricians work with are so poor.” Similarly, Chen et al. (2007) states: “The problem of measurement errors is one of the most fundamental problems in empirical economics. The presence of measurement errors causes biased and inconsistent parameter estimates and leads to erroneous conclusions to various degrees in economic analysis.”
Errors in measuring the dependent variable of a regression equation are incorporated in the equation’s error term and are not a problem.  The issue is with errors in measuring the independent variables used in a regression model. This violates the fixed independent variables assumption of classical linear regression models: the independent variable is now a stochastic variable.[footnoteRef:21] A good source for approaches to address the errors-in-variables issue is Chapter 9 in Kennedy (2003). [21:  The assumption is that observations of the independent variable can be considered fixed in repeated samples (i.e., that it is possible to repeat the sample with the same independent variable values; Kennedy, 2003, p.49).] 

The program tracking system data that are used in regression analyses can be a source of potential data issues. For example, the inability to track customer participation in multiple programs can cause a number of problems. In these instances, data can be very accurate at the program level, but there is no mechanism to ascertain the effects of participating in multiple programs. For example, suppose a billing analysis is being conducted of a high-efficiency residential HVAC replacement program with a tracking system is not linked to the residential audit and weatherization program that feeds participants into the HVAC program. If customers first participate in the feeder program, and that information is not conveyed in the tracking system used by the HVAC evaluator, then the HVAC program’s savings analysis will be biased, most likely on the low side. 
Another well-known errors-in-variables issue is related to the use of models that use aggregate data on DSM expenditures and energy use to analyze the relationship between expenditures on EE activities and changes in energy use.[footnoteRef:22] Developing the appropriate datasets poses challenges. For example, Rivers and Jaccard (2011) note that “our data on demand side management expenditures include all demand side management—in particular it includes both load management expenditures as well as energy efficiency expenditures. Since load management expenditures are not aimed at curtailing electricity demand explicitly…” (p. 113). The report then states that they do not believe this is a problem since “utilities that were able to provide us with data (as well as in US utilities), load management expenditures amounted to less than 25 percent of the total, so error in our estimates should not be too severe, and in particular should not change the nature of our conclusions.” The authors may be correct, but their assessment was based on judgment with little real analysis of the degree of the issue. [22:  Two recent publications with examples of this are Rivers and Jaccard (2011) and Arimura et al. (2011). ] 

Bothe the work by Rivers and Jaccard (2011) and Arimura et al. (2011) illustrates the degree of effort often required to develop a useful set of aggregate state/province level data or utility-level DSM.  Using the Energy Information Administration forms, Arimura states: “The original data set has many observations with missing values for DSM spending even after our meticulous efforts to find them from various sources.”[footnoteRef:23] Another issue concerns the fact that a number of states have both utility and third-party programs providers, which complicates the development of a data that can be used to examine the relationship between utility EE program expenditures and aggregate energy consumption.   [23:  See footnotes 15, 16 and 17 in Arimura et al. (2011) for a discussion of the challenges they addressed in developing values of the key variables (i.e., the utility’s EE expenditures that could explain changes in energy use and be used to assess cost-effectiveness in terms of cost per kWh saved).] 

Attenuation bias is a potential issue when there is measurement error in the independent variables used in regression analyses. This is addressed in Chen et al. (2007, 2011), and Satorra (2008) presents a graphical example of this bias using a measurement error model developed for a simple one-variable regression.  Using the model  Y = X + e and having X measured with error, the measurement error model X = x + u, with x uncorrelated with u, var(X) = var(x) + var(u) can be used to assess the reliability of the estimated coefficient. The reliability of X is defined as rel = 1 - var(u)/var(X) (which results in a number between 0 and 1). Satorra performed a set of simulations for a sample size equal to 10, and different values were used for the reliability of the regressor X: 1 (accurate), 0.86, 0.61, and 0.50 (considerable measurement error). Each simulation is shown in Figure 5.
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[bookmark: _Ref330396584]Figure 5. Satorra (2008) Simulation Results

As shown in the figure, the bias in the coefficient increases as the reliability of X decreases (i.e., measurement error increases), even if this measurement error is uncorrelated with the variance of X. The slope of the coefficient declines as the reliability of X declines. This is the attenuation bias associated with measurement error. The implication is that more noise in the data due to measurement errors makes it more difficult to find significant impacts and those impacts will tend to be biased downwards.[footnoteRef:24]   [24:  This is not a new problem. Chen (2007 and 2011, p. 901) discusses how one of the most famous studies in economics had to address attenuation bias. In his famous book A Theory of the Consumption Function, Milton Friedman (1957) shows that because of the attenuation bias, the slope coefficient of a regression of observed consumption on observed income would lead to an underestimate of the marginal propensity to consume. 
] 

Conclusion: Issues associated with measurement error are often unavoidable in applied regression analysis.  On occasion, data collected for one purpose with one level of accuracy may be used as a variable in a model testing for different types of effects. The solution is to reduce measurement error in the independent variables (i.e., the regressors) as much as possible. 
Errors-in-variables, measurement errors and general issues with data in tracking systems will make it more difficult for the evaluator to identify energy savings at a desired level of confidence. Kennedy (2003) suggests that: “In the spirit of fragility analysis, econometricians should report a range of estimates corresponding to a range of values of measurement variance.” Kennedy presents examples of how this can be accomplished, but this extra effort is best reserved for large-scale efforts, and goes beyond current “industry standard practice” in EE evaluation. 
Nevertheless, having a good data platform from which EE savings are evaluated is important and needs more emphasis in practical evaluation work.
Rebound occurs when the costs of using energy are reduced due to EE programs.  If it now costs less to cool a family’s home in the summer due to more efficient equipment, might they change the temperature set-point to increase comfort?  This take-back of some energy savings is a controversial issue.  When addressed in an EE program evaluation context, surveys of behavior and energy consumption analyses show that this is a small effect.[footnoteRef:25]  [25: ] 

The general assumption would be that some small amount of rebound might exist, but it would be limited to the price and income elasticity of electricity demand.  To the extent that the effective price of AC cooling is lowered by an EE program, energy use across all uses might be expected to increase by the amount calculated using the price elasticity of electricity.  This would be a small value.  Increases in incomes resulting from lower bills due to EE programs would likely be spent on all types of commodities by consumers, and not necessarily be focused entirely on increasing the consumption of electricity.
Rebound effects has developed a substantial literature, but to address some of the key theses[footnoteRef:26] in the discussion would require a macro input-out model with energy being one of the inputs used in the production of a wide variety of products and services produced by the overall economy.  This seems to be outside the scope of EE program evaluation. [26: ] 

Dual Baselines
There are several issues in evaluation whereissues caused by the baseline against which savings estimation may change are estimated changing during the lifetime of that measure.  One circumstance has been issue, called remaining useful life (RUL). This), occurs when a program is focused on replacing existing (lower efficiency) equipment with energy-efficientEE equipment before the old equipment ceases to function or before it would otherwise behave been replaced.  The issue is whether the savings shouldcould be calculated as the difference between energy use for the old measure replaced measure and the new EE measure, or whether the appropriate savings computation iscould be based on the difference between the new standard measures available in the market compared to the new EE measure induced by the program. . 
In theory, the appropriate approach would be to use the baseline for the replaced low-efficiency measures that were replaced foras the estimated remaining lifetime (RUL) of that measure.  After that timeThen, the baseline should shift to the difference between the installed high -efficiency equipment and the currently available standard equipment. 

A similar situation occurs when equipment is being replaced that has a measure life that spansspanning a point in time requiringwhen a new code that requires higher efficiency equipment.  In this case, should evaluators must decide if the baseline should be the efficiency of the equipment replaced;, and then, change to a new baseline after athe new code or standard is adopted, should the baseline change. . In general, the working assumption is that the baseline should reflect the energy use of the equipment replaced.  If, however, that equipment would have been replaced inwithin a few years by new equipment that meets the new code, shouldn’tthen there is a question about whether the baseline should shift? . 

Conclusion: These dual baseline questions are receivingbeginning to receive more attention and there. Two opinions are two positions takenpresented in the literature –: 1) that theythe issues are important to address for some measures (e.g., lighting);), and, 2) that it is not worth the complexity to develop dual baselines when there is so muchand uncertainty around estimateingneeded to estimate the RULs of the equipment being replaced.  is too high compared to their effects on energy savings calculations. These issues have been addressed in some program evaluations, but have not generally been viewed as important for overall EE program evaluation.   due to their complexity and uncertainty regarding customer actions.  However, it is a topic that deserves more research to assess those specific situations in which accounting for the two baselines might have a substantive effect on energy savings.
Rebound Effects
Rebound occurs when the costs of using energy are reduced due to EE programs. 
[Reviewers: I have not spent much time researching how this is being addressed.  It could be time consuming to get a handle on current practice. Comments on this appreciated.]	Comment by W Newbold (235-7895): If we’re developing a best practices manual, shouldn’t we state a position on this?

In my view the concept of dual baselines is an interesting intellectual exercise, but the $$ spent to figure it out would be better spent on delivering more EE.  We’re never going to get to an exact “engineering quality” answer.

Errors in Variables
This is an issue when there are errors in the input variables to an energy savings calculation.  This could be an engineering calculation or it could refer to the values of the independent variables in regression analyses.  It is important that evaluators take this into account and that program implementers know that increasing the accuracy of information in their tracking system will typically result in higher realization rates with higher levels of confidence. When target confidence and precision levels are high, the importance of accurately tracking measures installed, location, size, model number, date, contact person, etc. become critical for the evaluation effort.

In regression analyses, there is a tendency to take the data that are available for use as independent variables and use these data in the estimation process without much regard for the accuracy of these data or sensitivity testing on the impact errors in these variables on the final results.  Errors in measuring the dependent variable are incorporated into the error term.  Errors in measuring independent variables violates one of the assumptions of classical linear regression models.  The independent variable is now a stochastic variable.  Approaches to the errors in variables issue are discussed in Kennedy (2003) in his “A Guide to Econometrics.”

There are some well-known errors in variables in energy modeling.  These are unavoidable as often data collected for one purpose is used for another purpose in research.  This has been an issue with some uses of data collected by the Energy Information Administration of the U.S. Department of Energy and applied in regression models.

[Reviewers:  I could come up with some examples in the next version]

-----------------------------------------------------------------------------------------------------------------When families spend less money to cool their home in the summer due to more efficient equipment, they might change their temperature set-point to increase their comfort and their energy use. Rebound is discussed in the literature according to the following two types:
1. Type One: Rebound is used essentially synonymous with takeback and happens at the participant level. It is a question of whether participants who face lower costs for energy (e.g., air conditioning) because of an EE program measure then take-back some of those savings by using more energy.
2. Type Two: Rebound takes place in the larger economy. EE programs have reduced the cost of energy across a number of uses, stimulating the development and use of energy-using equipment.
Type one rebound has not been found to be significant in most EE program evaluations, with the exception of low-income programs.[footnoteRef:27] Contrary to pure economic theory, if consumers match up marginal benefits with marginal costs, the concept of bounded rationality and compartmentalized decision making is being recognized as one theory of consumer behavior and decision-making.[footnoteRef:28] Consumers optimize, but only to the point when the complexity of the decision and the cost of the information becomes too high. For example, a consumer setting the thermostat on their air conditioning (AC) unit is probably not going to examine the cost of running that unit each day (as the efficiency of the unit varies daily with temperature and load) and adjust their thermostats accordingly.  [27:  This chapter is focused on EE programs. Takeback is more common in demand response and load management programs where AC units or other equipment are cycled to reduce peak demand for several hours on a few select days. This can result in a warming of the house or building, and the equipment automatically runs a bit more after the cycling event to return the temperature to the original set point. More efficient operational and cycling designs for AC load management programs can greatly reduce takeback, and takeback is a more common effect for event-based load management programs than for EE programs that influence all hours of a season.]  [28:  The primary reference for this concept is Simon (1957), but it is also discussed in Kahneman (2003). ] 

Most customers set their thermostats at a comfortable level, regardless of whether they participate in an AC equipment program (maintenance or new equipment) that increases the efficiency of the unit (i.e., consumers generally do not change their thermostat setting as a result of participating in an EE program). 
Low-income customers can be the exception and may change their thermostat set points for both AC and heating after participating in an EE program designed to increase the efficiency of the AC and heating equipment. The change in price is more important for low income customers and they may have been sacrificing comfort to meet their household budget prior to participating in the EE program. Lowering the costs of AC and heating may allow them to set their thermostats at a level that provides them with more comfort, resulting greater energy use for this program participant segment. While this may cause an increase in the overall energy use for these low-income customers, it can provide a large welfare gain and even improved health and safety for low income customers.
Type two rebound goes beyond the program participants’ actions and assesses the economy as a whole. Lowering the cost of energy through aggressive EE programs may make energy more economic for many new uses. There has been a recent resurgence of interest in this type of rebound, but a full analysis is beyond the scope of this chapter which focuses on EE program evaluation. Gavankar and Geyer (2010) present a review of this larger rebound issue. This economy-wide concept of rebound has substantial literature, and addressing most of the key theses in the discussion requires economy wide models with energy as one of the inputs used for the production of a wide variety of products and services.[footnoteRef:29]   [29:  The Rocky Mountain Institute has posted information at http://blog.rmi.org/blog_Jevons_Paradox discussing recent hypotheses about this type two rebound effect. Other references are Tierney J. (2011) which presents the issue of rebound as being important and a counter point paper by Afsah (2011).] 

It is easy to search on the terms energy efficiency and rebound and find many policy papers that present theses on how rebound may be an influence in the larger economy. It is not the purpose of this section to detail this literature, other than outlining that it exists and offering some practical places to being a review. However, the issue seems not to be economic welfare, but other policy goals. Using resources as efficiently and cost-effectively as possible always seems like a good policy, unless there is some other type of constraint. Reducing the cost of energy and allowing people to use energy in additional applications may increase overall welfare. The down side may be concerns about carbon emissions if the goal is to not increase energy use at all. 
Using resources as efficiently as possible should be a good start towards any policy designed to reduce energy use that may contribute to carbon emissions. This policy could complement pricing and other policies designed to reduce energy use.  Starting from a platform of efficient energy use should not hinder the applicability of other policies.

END




3

Persistence and Other Issues- Persistence Draft  –Bibliography (Final Draft 7-0617-2012)

Ahmad, Mushtaq, AlanM. , Deng, SashaA., Spoor, MilenaS., Usabiaga, M., and IvanI. Zhao. " (2011). Persistence of Energy Savings in Industrial Retrocommissioning Projects.". ACEEE Summer Study on Energy Efficiency in Industry. 2011.
Decision SciencesAllison, P.A. (1995).Survival Analysis Using the SAS® System: A Practical Guide. SAS® Institute.
Arimura, T.H., S. Li, R.G. Newell, and K. Palmer (2011). Cost-Effectiveness of Electricity Energy Efficiency Programs. National Bureau of Economic Research, NBER Working Paper No. 17556.
California Public Utilities Commission (2006). California Energy Efficiency Evaluation Protocols: Technical, Methodological, and Reporting Requirements for Evaluation Professionals. Oregon: TecMarket Works. Available online: http://www.calmac.org/publications/EvaluatorsProtocols_Final_AdoptedviaRuling_06-19-2006.pdf.
Chen, X., H. Hong, and D. Nekipelov (2007). Measurement Error Models. Prepared for the Journal of Economic Literature. Available online: http://www.stanford.edu/~doubleh/eco273B/survey-jan27chenhandenis-07.pdf. 
Chen, X., H. Hong, and D. Nekipelov (2011). Nonlinear Models of Measurement Errors. Journal of Economic Literature, 49(4): 901–37.
Decision Sciences Research Associates. " (1999). 1994 Commercial CFL Manufacturers’ Rebate Persistence Study.". Report ID 529D., Pasadena: Decision Sciences Research Associates, 1999.
Energy and Resource Solutions (2005). Measure Life Study. Prepared for The Massachusetts Joint Utilities, November.
EPRI (2010), Methodological approach for Estimating the Benefits and Costs of Smart Grid Demonstration Projects. EPRI, Palo Alto, CA: 2010. 1020342.
Friedman, M. (1957). A Theory of the Consumption Function. Princeton University Press.
GDS Associates. “ (2007). Measure Life Report: Residential and Commercial/Industrial Lighting and HVAC Measures.  Prepared for The New England State Program Working Group for use as an Energy Efficiency Measures/Programs Reference Document for the ISO Forward Capacity Market (FCM).” 2007.
Gavankar, S. and R. Geyer (2010). The Rebound Effect: State of the Debate and Implications for Energy Efficiency Research. Institute of Energy Efficiency (UCSB), June. Available online: http://iee.ucsb.edu/files/pdf/Rebound%20Report%20for%20IEE-UCSB_0.pdf. 
Kahneman, D. (2003). Maps of Bounded Rationality: Psychology for Behavioral Economics. The American Economic Review, 93 (5): 1449–75.
KEMA (2004). Residential Refrigerator Recycling Ninth Year Retention Study. Study ID Nos. . "546B, 563, Madison. 2004.
KEMA (2006). 2005 Smart Thermostat Program Impact Evaluation".. Final Report prepared for San Diego Gas and Electric Company. San Diego , 2006.
KEMA. “Residential Refrigerator Recycling Ninth Year Retention Study”.KEMA (2009). Focus on Energy Evaluation: Business Programs: Measure Life Study Final Report. Prepared for the Public Service Commission of Wisconsin, August 25.
Kennedy, P. (2003). A Guide to Econometrics. Chapter 9, MIT Press.
 Study ID Nos. 546B, 563. Madison: KEMA, 2004.
Navigant Consulting. "Evaluation Report: OPOWER SMUD Pilot Year 2." 2011.
Navigant Consulting, Inc. . ", Inc. (2010). Kaizen Blitz Pilot.". Report 1 prepared. Prepared for Energy Trust of Oregon. 2010.
Navigant Consulting, Inc. (2011). Evaluation Report: OPower SMUD Pilot Year 2. Presented to OPower, February. 
Nexus Market Research, Inc. “(2008). Residential Lighting Measure Life Study.”. Cambridge: New England Residential Lighting Program. 2008.
Ontario Power Authority. “ (2011). EM&V Protocols and Requirement.”. Ontario : OPA.: 2011-2014.
Proctor Engineering. "Pacific Gas & Electric (1999). Commercial Lighting Study. CALMAC, pp. 4-14.
Peterson, G., R. deKieffer, J. Proctor, and T. Downey (1999). Persistence #3A: An Assessment of Technical Degradation Factors: Commercial Air Conditioners and Energy Management Systems, Final Report.". CADMAC Report # 2028P. 1999.
 Rocky Mountain Institute (2011). Jevons Paradox: The Debate That Just Won't Die. By Potts, M. and C. Burns.
Proctor Engineering. " (1998). Statewide Measure Performance study #2: An Assessment of Relative Technical Degradation Rates.". Final Report. 1998For California Measurement Advisory Committee.
Proctor Engineering. " (1999). Summary Report of Persistence Studies: Assessments of Technical Degradation Factors, Final Report.". CADMAC Report #2030P. 1999.
Quantum Consulting. " (1998). PG&E Statewide Multi-Year Billing Analysis Study: Commercial Lighting Technologies." Final Report. Berkeley: Quantum.
Rivers, N. and M. Jaccard (2011). Electric Utility Demand Side Management in Canada. The Energy Journal, 32 (4), pp. 93-116.
RLW Analytics (1998). SCE Non-Residential New Construction Persistence Study. Final Report. For Southern California Edison. Study # SCE0064.01; 554; 530 
San Diego Gas & Electric (1999). Commercial Energy Efficiency Incentives Ninth Year Retention Evaluation. 1996 and 1997.
Satorra, A. (2008). Theory and Practice of Structural Equation Modeling, Department d'Economiai Empresa. Barcelona. Available online: http://statmath.wu.ac.at/courses/TPStrucEqMod/errorinvariables.pdf.
Simon, H. (1957). A Behavioral Model of Rational Choice in Models of Man, Social and Rational: Mathematical Essays on Rational Human Behavior in a Social Setting. New York: Wiley. 
Skumatz et al. (2009). Lessons Learned and Next Steps in Energy Efficiency Measurement and Attribution: Energy Savings, Net to Gross, Non-Energy Benefits, and Persistence of Energy Efficiency Behavior. 
Skumatz, L. A. (2012). What Makes a Good EUL? Analysis of Existing Estimates and Implications for New Protocols for Estimated Useful Lifetimes (EULs). International Energy Program Evaluation Conference, Rome, Italy.
U.S. Environmental Protection Agency (2007). Model Energy Efficiency Program Impact Evaluation Guide. 
Violette, D. and K. Cooney (2003), “Findings and Report:  Retrospective Assessment Of The Northwest Energy Efficiency Alliance,” Prepared for: Northwest Energy Efficiency Alliance Ad Hoc Retrospective Committee, Summit Blue/Navigant Consulting, 1998.. December.  Web: http://www.theboc.info/pdf/Eval-BOC_SummittBlue_NEEA_2003.pdf
RLW Analytics. "SCE Non-Residential New Construction Persistence Study." Final Report. Sonoma: RLW Analytics, 1998.
Skumatz et al. "Lessons Learned and Next Steps in Energy Efficiency Measurement and Attribution: Energy Savings, Net to Gross, Non-Energy Benefits, and Persistence of Energy Efficiency Behavior." 2009.
Skumatz, Liza A. "What Makes a Good EUL? Analysis of Existing Estimates and Implications for New Protocols for Estimated Useful Lifetimes (EULs)." International Energy Program Evaluation Conference, Rome, Italy. 2012.
State of California Public Utilities Commission. "California Energy Efficiency Evaluation Protocols: Technical, Methodological, and Reporting Requirements for Evaluation Professionals." Oregon: TecMarket Works, 2006.
U.S. Environmental Protection Agency. "Model energy Efficiency Program Impact Evaluation Guide. "U.S. EPA. 2007.





 

 




9
Appendix A --. Program -Specific Persistence Study Challenges and Issues [footnoteRef:30] [30:  Ms. Angie Lee and Mr. Mohit Singh-Chhabra of Navigant, Inc. assisted in the development of this appendix.] 


The importance of a persistence study is toPersistence studies provide useful information for making sensible decisions on EE investment decisions when the benefit-cost test of a measure is sensitive to changes in savings over time. As such, various persistence study challenges and issues should be examined through the lens of energy activity characterized byregarding how energy savings are estimated;  (e.g.., through measure and/or behavioral change. The following table). Table 3 summarizes persistence study challenges and issues by energy activity: 
	[bookmark: _Ref330449309]Program Types


Table 3. Persistence Study Challenges and Issues
	Program Measure or Activity
	Characteristics
	Persistence Study Challenges and Issues

	New Installation, Retrofit, and Replace on Burn Out 
	Intervene at the time measures are being replaced.  Savings result from the difference in energy use between the old equipment and the efficientEE equipment. An example would beis a lighting rebate program where participants receivethat provides incentives to switchparticipants for switching to higher efficiency lighting measures. 
	· Cost of on-site data collection is high.
· Impractical to wait for half of the units to fail in order to determine median survival time.
· OwnersSome owners prematurely interrupt measure life for various reasons, such as dissatisfaction with new equipment, and thus switchingswitch back to less efficient equipment.  
· Measure life estimates are based on failures. FewThere are few equipment failures in the early stages of equipment life make, making it difficult to get unbiased effective useful life (EUL)’sEULs.
· Lack of plug load sector data.
· Business turnover has a strong effect on commercial measure lifetime.
· In the event ofWhen replacing equipment before the end of equipment life, should energy efficiency (the question of whether EE) should be calculated by the delta of efficient equipment compared to replaced equipment or compared to the equipment required by codes and standards?. There is difficulty in predicting future standards.
· 

	Early Retirement 
	Accelerating retirement of inefficient equipment. Savings yield from load reduction due to absence of inefficient equipment.  An example of such activity is a refrigerator recycling whereprogram that gives participants obtain incentivesan incentive for terminating the use of inefficient refrigerators. 

	· Remaining Useful LifeRUL is not well-studied, thus introducingintroduces uncertainties to future savings after the early retirement of the old equipment. 

	Behavioral Programs

	Energy Activity
	Characteristics
	Current Persistence Study Challenges and Issues


	Feedback[footnoteRef:31] * [31: ] 

	Programs influencingthat influence behavioral changechanges to yieldobtain energy savings. An example would beis an informational programs whereprogram that gives households are presented with their energy consumption in comparisoncompared to that of their neighbors. 
	· Current standard behavior is going to change, and future standard behavior is difficult to predict.	Comment by W Newbold (235-7895): What constitutes “persistence” in a behavior program?

As long as a customer continues in the program, they are getting new stimulus (the measure) each year.  So, in a sense, year two savings really represent “first year savings” for the measure—“Second Year delivery of a behavior program”  Similarly the third year could look like a new measure.  Arguably, each year’s net gain would decline, until the program provider would drop them out of the program.

Wouldm’t persistence only start when the customer stops participating?
· LackThere is a lack of studies inon behavioral programs.
· FindingIt is difficult to find an unbiased and uncontaminated control group.

	Educational/Training
	Educational programs wherethat provide customers receivewith EE education, and savings are produced byresult from behavioral change. An example would beis a school education program.
	· Current standard behavior is going to change, and future standard behavior is difficult to predict.
· LackThere is a lack of studies inon behavioral programs.

	Operation & Maintenance (O&M)
	Providing Operations & Maintenance (O&M) best practices with low -cost/no -cost measures, such as adjusting control settings. Savings yield from improved operation and maintenance.O&M. An example would be ais retro-commissioning activity.
	· Retro-commissioning programs typically have a short useful lifes[footnoteRef:32]life** since most of the activities involve adjusting controls. Operators who are unaware of the reason behind adjustments could revert the settings. [32: ] 


	Measure and Behavioral Program

	Energy Activity
	Characteristics
	Current Persistence Study Challenges and Issues

	Whole Building- New Construction and Retrofit[footnoteRef:33]+ [33: ] 

	Combines both EE measures and O&M best practices. Savings resultyield from the difference in energy use between the old equipment and the efficientEE equipment, as well as from O&M best practices over baseline behavior.
	· Difficulty in separatingIt is difficult to separate the effects of various measure persistence in a whole -building system, as most energy evaluation utilizesevaluations utilize billing analysis or building simulations to estimate whole -building savings. 

	Smart Thermostat[footnoteRef:34]++ [34: ] 

	Utilizes thermostats to influence air conditioningAC use. Users obtain incentives for allowing their utilities to adjust their thermostat set points while reserving the right to override the utility re-set. Savings yield from energy usage reduction from changes in air conditioningAC use.
	· LackThere is a lack of persistence studies inon smart thermostat programs.

	* Navigant Consulting (2011). 

	** Ahmad et al. (2011).

	+ RLW Analytics (1998). 

	++ KEMA (2006). 

	



Table 4 presents candidate methods by study type – measure life, retention and degradation.
[bookmark: _Ref330450048]Table 4. Methodology Summary 
	Method
	Method Description and Application
	Data Requirements
	Applicable Studies

	
	
	
	Measure lifeLife
	Retention
	Degradation

	On-site Equipment Installation Verification
	Verifying that installed EE equipment is in-place and operable through on-site inspections, as well as, if whether the application of the equipment has changed., through on-site inspections. This method is applicable to evaluating measure programs. ForAn example, is a measure life/EUL study of a commercial lighting incentive program using on-site audits.[footnoteRef:35].* [35: ] 

	Measure, make and model. Spot measurements to supplement visual inspection. Date installed and date when measuredmeasure became inoperable or was removed.
	x
	x
	

	On-site Equipment Measurement and Testing 
	Short-term or long-term measurement of equipment performance, focusfocused on collecting data and comparingensuring equipment is use as designed,  (if it is not, identifying the reasons for usingthe equipment differingusage differs from design intent.). This method is applicable to evaluating measure programs. ForAn example, is a degradation study onof high -efficiency motors. 
	Measure, make and model. Use of equipment as designed. Observation of failure rates.	Comment by W Newbold (235-7895): Wouldn’t you also want to measure/meter energy use vs. when new (or specifications).  It could still be oerating—just not as well.

	
	
	x

	Laboratory Testing
	The measurement of energy use of both energy efficientEE and standard equipment over time, but in unoccupied facilities. Laboratory testing must account for the operational conditions expected for installations. This method is applicable to evaluating measure programs. ForAn example, is a degradation study comparing existing and high -efficient air compressors.
	Energy use of equipment over time.
	
	
	x

	Benchmarking and Secondary Literature Review
	Engineering review of equipment degradation and uncertainties. The literature search should include journal articles, conference proceedings, manufacturer publications, and publications of engineering societies. This method is applicable to evaluating both measure and behavioral programs. An example would beis an assessment of measure technical degradation rates by conducting a meta-review on secondary literature.[footnoteRef:36].** [36: ] 

	Equipment and/or behavior degradation and uncertainties.
	x
	x
	x

	Telephone Surveys/
Interviews
	Interview program participants ofabout their consumption pattern comparingpatterns compared to design intent, and determining if the efficientEE equipment is in place and operable. This method is applicable to evaluating both measure and behavioral programs. ForAn example, is a persistent study onof an O&M program studying behavioral retention using participant interviews.[footnoteRef:37].*** [37: ] 

	Equipment failures and/or replacement behavior including time of failure and/or replacement and number of failurefailures and/or replacementreplacements.
	x
	x
	x

	Billing Analyses – Fixed Effects and Statistically Adjusted Engineering Models (SAE)[footnoteRef:38]+ [38: ] 

	Using statistical analysis to model the difference between customers’ energy usage pre- and post-analysis periods using real customer billing data over multiple years.  This method is applicable to measure and behavioral programs. ForAn example, is evaluating multi-yearmultiyear savings persistence on commercial lighting technologies using billing analysis.[footnoteRef:39].++ [39: ] 

	Customer billing data over time.
	
	x
	x

	Survival Curves

	Linear, logistics, exponential, or hazard models estimating equipment survival rate. Choice of model depends on equipment characteristics and previous research[footnoteRef:40]. This method is applicable to measure and behavioral programs. An example is estimating the EUL of equipment installed in a new construction project using survivor function and hazard function.[footnoteRef:41]  [40: ]  [41: ] 

	Independence of equipment failure and useful lifeEUL.
	x
	
	

	Controlled Experiment 
	Develop experiment across census, randomly assigning participants into treatment and control groups. This method is applicable to behavioral programs. An example is a retention study of the OPOWERa behavioral energy program over multiple years.[footnoteRef:42]  [42: ] 

	Customer billing data of control group and treatment group over time.
	
	x
	x

	* San Diego Gas & Electric (1999). 

	** Proctor Engineering (1998). 

	*** Navigant Consulting, Inc. (2010).

	+ Pacific Gas & Electric (1999).

	++ Quantum Consulting (1998). 
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