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1 EXECUTIVE SUMMARY

1.1 Program background

The Energy Savings Assistance Program (ESA) provides no-cost energy efficiency services and no-cost direct
installation energy efficiency measures to income-eligible households via ratepayer funding. ESA was
developed in the early 1980s to improve the access of income-eligible households to utility conservation
programs and provide relief from rising energy costs.

From 2014 through 2017, ESA served approximately 260,000 households per year.! Program services
include energy education, an in-home energy assessment, and installation of one or more qualifying (or
feasible) measures that are identified during the in-home assessment. ESA is implemented by four California
investor-owned utilities (I0Us): Pacific Gas and Electric Company (PG&E), Southern California Edison (SCE),
Southern California Gas Company (SCG), and the San Diego Gas and Electric Company (SDG&E).? The
California Public Utilities Commission (CPUC) defines the program budget and maintains an oversight role.

The goals of ESA are to provide 100% of all eligible and willing customers the opportunity to participate in
ESA by 2020, improve the health, safety, and comfort (non-energy benefits) of ESA customers, and produce
cost-effective longer-term energy savings in income-eligible households that provide a reliable energy
resource for California.®

Homeowners and tenants who receive electric or gas service from at least one of the four IOUs may receive
ESA program services if they meet eligibility criteria in all the following categories:

e Household income must be at or below 200% of the Federal Poverty Guidelines*

e The building type is either a single family, multifamily, or mobile home with an active utility
account/meter (including master meters) on a residential billing rate. CARE-eligible group living facilities
on non-residential rates are also eligible if the structure is a single family, multifamily or mobile home if
it meets ESA standards®

e In rental properties, the household members must obtain approval from the homeowner

e The type and frequency of previous ESA Program participation®

e For direct installation of feasible measures, the first two measure must meet a minimum energy savings
threshold’

1 From 2014-2017, ESA treated 1,039,720 households.

2 In 2016, ESA program services are also provided by Southwest Gas Corporation, Liberty Utilities, Golden State Water
Company/Bear Valley Electric, PacifiCorp, and Alpine Natural Gas Operating Company. Program results for these jurisdictions
are not included in this impact analysis.

3 california Public Utility Code Sections 382(e), 386(a)(3), 900, 2790, and the California Energy Efficiency Strategic Plan (CAEESP),
adopted in D.10-09-047. Southern California Edison. 2014. Energy Savings Assistance (ESA) Program Plan and Budget
Proposal for the 2015-2017 Program Cycle. California Public Utilities Commission (CPUC) Internal Audit Unit, Energy Savings
Assistance (ESA) Program, October 2017.

4 ESA Income Guidelines. All household members are considered when determining household income eligibility.

5 california Alternate Rates for Energy Program (CARE).

6 For program year 2017, the go-back rule, the three-measure minimum rule, and measure caps limiting the number of measures
per household were removed. Commission Decision D.16-11-022.

7 Additional measures are not required to meet a savings threshold
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1.2 Evaluation background

The two most recent ESA evaluations (20098 and 2011°) raised concerns regarding the methodology. In
both cases, a perception that savings estimates were either low or inconsistent influenced results. For the
2009 evaluation, an overly aggressive data trimming rule was identified as a driver of unexpectedly low
results and changed for the final report. For the 2011 evaluation, a decision rule was applied that favored
results closer to the ex ante levels, inflating results to levels well above the reported whole house results.
For both evaluations, concerns regarding the methodology ultimately led to inconsistencies with the results.

The concern with the improving the evaluation method is understandable because evaluating the ESA
program is challenging. The program serves a large population of households across a diverse set of housing
types, namely single family (SF), multi-family (MF), and mobile homes (MH), and across all 16 of California’s
climate zones. An added challenge is that the expected household savings are less than 5% of total
household consumption. Given the natural variability of consumption across sites and over time, these are
unavoidable fine margins that test the limits of evaluation methods.

DNV GL’s proposed approach is designed to offer a robust, routinized approach that provide a foundation of
consistent and replicable results going forward. The approach follows standard evaluation protocols as
simply and transparently as possible while maintaining the fundamental requirement of billing analysis:
weather normalization and a comparison group to account for non-program related change over time. With
consistent methods across the 3 evaluation years included in this evaluation (2015-2017) and a reasonable
expectation that these results will be used in future evaluations, we can focus on the remaining variation
across 10Us, years, housing-types, and geography as outgrowths of variation in program offerings and
implementation.

1.3 Evaluation objectives

The research plan for the impact evaluation of the 2015-2017 ESA program was finalized in September
2017. The evaluation was divided into two phases. The first phase of the evaluation added the addition year
of data from 2014 and used program data from 2014—2016 to set up the modeling frame work and
developed phase 1 results for use in the ESA mid-cycle review in the summer of 2018. The first phase of the
impact evaluation had the following priorities:

e Develop a routinized evaluation methodology.

e Produce consistent year-over-year savings estimates for electric consumption (kWh) and gas
consumption (therms) for program participant.

e Produce an Excel dashboard of whole house and measure-level savings estimates.

The second phase of the project included an additional year of program data and looked to refine the
modeling approach for the final results. The objectives for phase 2 of the impact evaluation were:

e Incorporate program year 2017 into the phase 1 impact evaluation analysis.

e Conduct additional modeling analysis into measure groups to refine results.

e Produce an Excel dashboard of whole house and measure-level savings estimates and a comprehensive
report.

8 Impact Evaluation of the 2009 California Low-Income Energy Efficiency Program Final Report, Study ID: SCE0273.01

9 PY2011 Energy Savings Assistance Program Impact Evaluation, Final Report, Study ID: SDG0273.01. Evergreen Economics,
August 30, 2013
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1.4 Analysis methods

A primary objective of this evaluation was to develop a routinized methodology that supports consistent,
reliable results year-over-year. The two-stage approach has a long track record in energy program
evaluation and is effectively the basis for current methods developed for new pay-for-performance programs
in California and beyond. The methodology is attractive for a several reasons:

e Focus on the site-level

e Full use of weather information at the monthly level with flexible site-level models
e A comparison group as a proxy for non-program-related change

e Separation of the weather-normalization process from savings estimation

e Flexibility to expand to daily or hourly data in the future

As a widely implemented residential program with a complex, multiple-measure offering, the evaluation of
ESA is best served with billing (consumption data) analysis. This simple and transparent approach offers the
best vehicle for a routinized methodology that will provide robust evaluation over time.

1.5 Impact results

We proved a high-level overview of the impact evaluation results here, with more in-depth discussion in
Section 5. The evaluation also produced an excel results dashboard with all modeled results.

1.5.1 Electric impact estimates

Figure 1-1 provides the annual electric savings at the household level as well as savings as a percent of ex
ante savings. The savings show three distinct levels of savings across the three 10Us. The savings as a
percent of ex ante savings indicate that SCE’s savings are substantially closer to expected savings than
either PG&E or SDG&E. Despite distinctly lower savings levels, SDG&E is like PG&E in the level of
achievement of expected savings. All three 10Us show a slight downward trend in annual savings. The trend
remains in the savings as a percent of ex ante savings except for SDG&E.

Figure 1-1. Electric savings per household and percent of ex ante savings over time
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1.5.2 Gas impact estimates

Figure 1-2 provides the annual gas savings at the household level as well as savings as a percent of ex ante
savings. The results show three levels of savings across the three 10Us, though the levels are not as distinct
as the electric savings. The savings as a percent of ex ante savings for PG&E and SCG are at similar levels,
on average, but SCG’s realization rate improved dramatically in the latter 2 years. SDG&E’s savings as a
percent of ex ante savings are lower and may exhibit a downward trend.

Figure 1-2. Gas savings per household and percent of ex ante savings over time

[
o

50%

= o 46%
£ 9 £45% 43%
£ 8 X 40% 39%
(= u
= 7 o 35% 2994,
2
5 5 £ 28% 2%
26 S 30% 26%
L]
o g w 25% 22%
3 @ 19% 18%
I 4 3 = 20% 17%
g 3 3 3 & 15%
w =
2 2 3 10%
E 3 E 5%
0 0%
SoCalGas SDGBE SoCalGas SDG&E
2014 =2015 m2016 =2017 2014 w2015 m2016 ®=2017

DNV GL Energy Insights USA, Inc. April 26, 2019 page 4



1.6 Conclusions and recommendations

Key Conclusions Key Recommendations

o B

Ex ante savings assumptions were higher ESA program planners can use the
than achieved savings, with some measures impact results to develop new ex ante
leading to an increase in consumption. savings assumptions.

ESA program administrators should look
ESA tracking data are organized differently to improve program tracking with
across I0Us standardized fields, and better align
program data with billing system.

The evaluation methodology produced
consistent results at the household level
but not at the measure level.

Future evaluations should explore other
statistical analytical methods

There are limits to the answers that a

billing analysis can provide for how
program delivery effects savings.
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2 INTRODUCTION

2.1 Program background

The Energy Savings Assistance Program (ESA) provides no-cost energy efficiency services and no-cost direct
installation energy efficiency measures to income-eligible households via ratepayer funding. From 2014
through 2017, ESA served approximately 260,000 households per year.'® Program services include energy
education, an in-home energy assessment, and installation of one or more qualifying (or feasible) measures
that are identified during the in-home assessment. ESA is implemented by four California investor-owned
utilities (I10Us): Pacific Gas and Electric Company (PG&E), Southern California Edison (SCE), Southern
California Gas Company (SCG), and the San Diego Gas and Electric Company (SDG&E).'! ESA was
developed in the early 1980s to improve the access of income-eligible households to utility conservation
programs and provide relief from rising energy costs. The CPUC defines the program budget and maintains
an oversight role.

The goals of ESA are to provide 100% of all eligible and willing customers the opportunity to participate in
ESA by 2020, improve the health, safety, and comfort (non-energy benefits) of ESA customers, and produce
cost-effective longer-term energy savings in income-eligible households that provide a reliable energy
resource for California.1?

To maximize participation of eligible households, the 10Us refer eligible customers to each other, work with
community agencies, local government, and the Department of Community Services and Development
(CSD). 13 Coordination between the 10Us and governmental agencies increases the number of available
measures by sharing the cost of measures offered by both programs. Private contractors selected by each
utility are authorized to solicit low income households directly, determine income eligibility, and provide
program services. The ESA policies and procedures manual governs ESA service providers and program
activities. Customer outreach policies defined by the 10U and the policies and procedures manual covers
promotional guidelines, limitations on representations made by Service Providers, customer interactions,
and tracking.4

In areas where a customer receives natural gas and electric services from separate utilities, those utilities
work together to ensure the customer receives all feasible ESA measures.

10 From 2014-2017, ESA treated 1,039,720 households.

11 1n 2016, ESA program services are also provided by Southwest Gas Corporation, Liberty Utilities, Golden State Water
Company/Bear Valley Electric, PacifiCorp, and Alpine Natural Gas Operating Company. Program results for these jurisdictions
are not included in this impact analysis.

12 california Public Utility Code Sections 382(e), 386(a)(3), 900, 2790, and the California Energy Efficiency Strategic Plan
(CAEESP), adopted in D.10-09-047. Southern California Edison. 2014. Energy Savings Assistance (ESA) Program Plan and
Budget Proposal for the 2015-2017 Program Cycle. California Public Utilities Commission (CPUC) Internal Audit Unit, Energy
Savings Assistance (ESA) Program, October 2017.

13 1n 2016, Commission Decision D.16-11-022.10 authorized CSD service providers to provide ESA services.
14 Statewide Energy Savings Assistance Program, 2017-2020 Cycle Policy and Procedures Manual, March 16, 2018
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Homeowners and tenants who receive electric or gas service from at least one of the four IOUs may receive
ESA program services if they meet eligibility criteria in each of the following categories:

e Household income must be at or below 200% of the Federal Poverty Guidelines!®

e The building type is either a single family, multifamily, or mobile home with an active utility
account/meter (including master meters) on a residential gas or electric rate. CARE-eligible group living
facilities on non-residential rates are also eligible if the structure is a single family, multifamily or mobile
home if it meets ESA standards?'®

e In rental properties the household members must obtain approval from the homeowner

e The type and frequency of previous ESA Program participation”

e For direct installation, the first two measure must meet a minimum energy savings threshold8

2.1.1 Program services, delivery, and measures

ESA services include determination of eligibility, energy education, an in-home energy assessment, and low-
cost energy efficiency measures including:

e Weatherization

e Replacement domestic hot water equipment

e Heating, ventilation, and air conditioning replacement equipment
e Lighting

e Appliances

e Maintenance

A detailed list of eligible measures can be found in Table 4-1. If no feasible measures are identified in the
assessment the customer is still eligible for energy education.®

2.1.1.1 In-home energy assessment

During the in-home visit, the program contractor determines whether the customer is income eligible. If the
customer meets the eligibility criteria, the contractor completes the paperwork, the education portion of the
assessment, and identifies feasible energy savings measures using utility approved forms and/or tools. The
contractor then returns to the household to install the measures. Inspections must be conducted for a
sample of ESA measure installations but are mandatory for projects which include attic insulation or a
furnace replacement.

2.1.1.2 Education

ESA provides in-home energy education covering heating, cooling, lighting, domestic hot water consumption,
large and small appliance usage, greenhouse gas emissions, water conservation, and information on other
available energy and social programs.

15 ESA Income Guidelines. All household members are considered when determining household income eligibility.

16 california Alternate Rates for Energy Program (CARE).

17 1n 2016 the 10Us could provide program services to any household previously served by the program prior to 2002 (the go
back rule). For program year 2017, the go-back rule, the three-measure minimum rule, and measure caps limiting the
number of measures per household were removed. Commission Decision D.16-11-022.

18 additional measures are not required to meet a savings threshold.

19 california Statewide Energy Savings Assistance Program, Policy and Procedures Manual. July 15, 2013; Statewide Energy
Savings Assistance Program 2017-2020 Cycle, Policy and Procedures Manual, March 16, 2018. These manuals accompany
the ESA Program California Installation Standards Manuals.
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Specific topics must include (but are not limited to): 20

e The general levels of usage associated with specific end uses, installed program measures and
appliances

e The impacts on usage of individual energy efficiency measures offered through the ESA Program or
other Programs offered to low-income customers by the utility

e Practices that diminish the savings from individual energy efficiency measures, as well as the potential
cost of such practices

e Ways of decreasing usage through changes in practices

. Information on CARE, the Medical Baseline Program, Family Electric Rate

e Assistance (FERA), Low Income Home Energy Assistance Program, (LIHEAP), Community Help and
Awareness of Natural Gas and Electric Services (CHANGES), and other available programs

e Appliance safety information

e Understanding utility bills and current utility rates

e Greenhouse gas emissions

e Water conservation

e CFL disposal and recycling

2.1.1.3 Measures

The ESA program installs all eligible measures that are approved for a site.
Until it was abolished in 2017, a minimum energy savings threshold had to
be met if only two measures are installed. Otherwise, at least three
measure had to be installed. The following measures were included in the
evaluation cycle reported here:

e Domestic hot water measures such water heater insulation blankets
and low flow showerheads.

e Envelope improvements to improve insulation or reduce air infiltration

e Lighting

e Major appliances

e Repair or replacement of HVAC or water heating equipment

Other technologies may be considered measures for the ESA program if
they promote cost-effective energy savings or reduce energy related
economic burdens.?! Measures and measure mixes are reviewed every cycle (approximately every three

years), and for any mid-cycle updates.

Most ESA attributes are the same across the 10Us but differences in implementation, program end-uses, and
measures exist.?? Variations between programs may or may not cause differences in observed savings
between utilities and over implementation cycles.

20 2017-2020 Cycle, Policy and Procedures Manual
21 cpuC, October 2017.

22 ytilities can vary in their contractors’ assessment methods, program tracking procedures, customer outreach, and energy
education.
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2.2 Concerns related to prior evaluations

A concern with the 6 prior ESA evaluations going back to 2001 is the inconsistency of results. It is a primary
goal of this kind of impact evaluation to reflect changes in the program implementation, measure offerings,
and the location of participants. Some portion of the observed variability over the years is likely due to these
factors. Another more problematic cause of variability in results is likely the application of different
evaluation methodologies.

Billing analysis, the general approach used for each of these evaluations, can be performed in different ways.
They either compare change in consumption over time (pre- and post-installation consumption), compare
participant consumption to a comparison group’s consumption, or both. All approaches use regression
analyses to develop a relationship between consumption and weather to account for different weather
between pre- and post-installation periods and to put results on typical weather terms. Within this broad
scope, there are several choices that evaluators can make that will affect results. In addition to the basic
billing analysis approach, the interpretation can also have an important effect on results, and this proved to
be of importance in this instance.

Two aspects of the 2011 impact evaluation?? raised concerns that we addressed in our methodological
approach. First, the 2011 evaluation did not use a comparison group. The evaluation used a pooled, time-
series approach that compares participants pre- and post-installation consumption while controlling for
weather. This approach has been widely used for impact evaluation but relies on the regression structure to
address non-weather changes that may occur through the analysis timeframe, such as macroeconomic
effects like recessions, which had an impact in 2011. Economic and other non-weather changes can shift
consumption up or down by 3% or more, which is approximately the magnitude of the expected savings of
the ESA program. The lack of a comparison group could have either decreased or increased the savings
estimates. Comparison groups are now generally considered an essential addition to a billing analysis to
address whatever limitations may exist in approaches that do not include a comparison group.2*

The bigger concern from the 2011 evaluation was the development of savings and ex ante estimates from
the regression results. Billing analysis regression results can be estimated at the household level or the
measure level. Household-level, or whole-house, savings estimates are the most accurate and reliable billing
analysis estimate of savings. Measure-level results are the household-level savings distributed to measures
based on the relative savings of households with different measure groupings. There are multiple challenges
estimating measure-level savings in a billing analysis context.

e Two or more measures may be installed in combination at most sites making it difficult for any algorithm
to separate the effects.

¢ Two measures may interact when installed together, producing very different savings than when they
are installed on their own.

e There are many measures with extremely small savings that are simply too small to definitively identify
given the natural consumption variability across sites and over time.

23 pY2011 Energy Savings Assistance Program Impact Evaluation, Final Report. August 30, 2013.

24 The Universal Method Project Chapter 8, “Whole-Building Retrofit with Consumption Data Analysis Evaluation Protocol”
discusses the rationale behind including a comparison group.
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e The IOUs recognize that some measures may appear as an increase in consumption in the billing data (a
repaired AC or furnace that was not previously working at all) or a decrease (an inefficiently functioning
AC or furnace adjusted for better performance) depending on the context of the situation.

Considering these extensive challenges, it is not uncommon to get some measure-level results that indicate
negative savings or are otherwise not statistically significant. It is tempting to pick and choose among the
individual measure-level savings, but this approach has the potential to distort overall savings. This is
particularly the case for a program that has some measures that are justified based on health and safety
rather than energy savings (e.g., furnace and AC repairs).

The 2011 evaluator stated the following:25

Energy savings values were assigned to a measure group from the billing regression models using the
following algorithm:

1. |If the 95 percent confidence interval of the impact estimate from the Basic Model included the ex-ante
savings value, then the estimate from the Basic Model was used.

2. If the confidence interval for Basic Model estimate did not include the ex-ante value, then evaluator
judgment was used to assign an impact value from among the Basic Model, Measure Model, or ex-ante
values.

3. In a couple of instances, an engineering estimate was assigned when the ex-ante values appeared to be
unusually high and neither of the regression models could provide a reasonable result.

The effect of this algorithm was to accept regression-estimated measure savings that were positive and
closer to the ex ante values and consider alternative savings estimates for negative or smaller values. The
effect of this algorithm can only increase the overall savings when summed across measures.

Table 2-1 shows that for all IOUs and both gas and electric, the savings estimates were inflated above the
whole-house model result. While there is only a small increase for SCE electric savings, other results are
doubled, tripled, and increased nine-fold. The whole-house model estimates will always be the most accurate
estimate of overall household savings. There is no reasonable methodological justification for diverging from
whole-house results based on measure-level results.

Table 2-1. 2011 ESA evaluation: gas and electric impact estimates of single family households 26

Electric (kWh) Gas (Therms)
Final Final
Whole- Whole-
Hogsz Measure- % Hozsee Measure- %
) Based Model Difference ) Based Model Difference
Savings Savings
Results Results
PGE 36 367 919% 7.6 21.5 183%
SCE 267 279 4%
SCG 9.5 13.4 41%
SDGE 158 279 77% 8.1 26.1 222%

25 py2011 Energy Savings Assistance Program Impact Evaluation, Final Report.

26 py2011 Energy Savings Assistance Program Impact Evaluation, Final Report, Tables 25 and 27, pp. 44 and 45.
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There are 3 key lessons from the 2011 evaluation.

1. Whole-house billing analysis results can vary across methodologies. Billing analyses should include a
pre- to post-installation difference in consumption of participants in the context of a pre- to post-
installation difference in consumption of a matched non-participant comparison group. The combination
of these two different ways of assessing program effects in a difference in difference framework will
produce the most robust and consistent results regardless of other methodological details. For instance,
it is possible, that the very low PG&E whole-house electric savings for the 2011 evaluation were due to
the lack of a comparison group in the base regression model.

2. The whole-house savings estimates are the most accurate and reliable result. The estimation of
measure-level results for the ESA program faces numerous challenges. In contrast, whole-house savings
estimates give a single result that addresses potential thermodynamic interactive effects and is big
enough relative to consumption, across measures, that it is more likely to be statistically significant. We
understand that measure savings estimates are important for planning purposes, but measure level
savings cannot be allowed to drive the savings results from the evaluation.

3. Measure-level regression results must be interpreted with care, always within the context of the whole-
house result. The primary issue of the 2011 evaluation was that the effort to develop measure-level
results took precedence over the basic validity of the evaluation whole house results. The measure-level
results are directional and informative for identifying measures that make substantial individual
contributions to savings. The measure estimates offer a template for one, mathematically-correct way to
split household-level savings out to measure groups. DNV GL developed a tool that allowed the 10Us to
adjust measure-level savings while maintaining an overall savings level that was consistent with the
household-level results.

This evaluation seeks to put the ESA evaluation on a footing that will support accurate and robust evaluation
results and provide the necessary tools and understanding to enhance the program going forward.

2.3 Evaluation objectives

The research plan for the 2015-2017 impact evaluation of the ESA program was finalized in September
2017. The evaluation was divided into two phases. The first phase of the evaluation added the addition year
of data from 2014 and used program data from 2014—-2016 to set up the modeling frame work and
developed phase 1 results for use in the ESA mid-cycle review in the summer of 2018. The scope of the
evaluation was adjusted slightly over the course of the evaluation to accommodate shifts in the timeline and
to keep the project within budget; for example, the research plan included analysis to explore program
redefinition for Aliso Canyon area. This analysis was reprioritized over the course of the evaluation and not
included in the updated research plan. Overall the main objectives of the evaluation stayed the same and
are included in this report.

The first phase of the impact evaluation had the following objectives:

e Develop a routinized evaluation methodology.

e Produce consistent year-over-year savings estimates for electric consumption (kWh) and gas
consumption (therms) for program participants.

e Produce an Excel dashboard of whole house and measure-level savings estimates.
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The second phase of the project included an additional year of program data and looked to refine the
modeling approach for the final results. The objectives for phase 2 of the impact evaluation were:

e Incorporate program year 2017 into the phase 1 impact evaluation analysis.

e Conduct additional modeling analysis into measure groups to refine results.

e Produce an Excel dashboard of whole house and measure-level savings estimates and a comprehensive
report.

The primary evaluation results in this study are household level savings estimates. For a program with a
complex, multiple-measure offering and average expected savings of lower than 5% of consumption, reliable
measure-level savings estimates for all measures are not feasible. This evaluation provides guidance on
measure-level savings to the extent feasible within the limitations of the data. Unlike prior evaluations, we
do not provide explicit measure-level savings estimates for use in planning processes.

2.4 Analysis methods

A primary objective of this evaluation was to develop a routinized methodology that would support
consistent, reliable results year over year. The two-stage approach has a long track record in energy
program evaluation and is effectively the basis for current methods developed for new pay for performance
programs in California and beyond. The methodology is attractive for a variety of reasons:

e Focus on the site-level

e  Full use of weather information at the monthly level with flexible site-level models
e A comparison group as a proxy for non-program-related change

e Separation of the weather-normalization process from savings estimation

e Flexible to expansion to daily or hourly data in the future

As a widely implemented residential program with a complex, multiple-measure offering, the evaluation of
ESA is best served with billing (consumption data) analysis. This simple and transparent and approach offers
the best vehicle for a routinized methodology that will provide robust evaluation over time.

2.4.1 Importance of site-level approach and results

The site-level modeling approach treats each household A
as a unique entity. The approach requires a complete ST ST
year of pre- and post-installation data so that the unique change ghance

energy consumption characteristics of the household can

A
1

Energy Savings
1

v

be clearly identified. The models, applied at the
household level, incorporate engineering principles to

characterize the baseload, heating, and cooling dynamics
of the household. These models facilitate weather
normalization by putting annual consumption on typical

Energy Consumption

weather terms while maintaining the unique household
thermodynamic characteristics. Site-level modeling
applied consistently to the participant and matched
comparison groups, produces weather-normalized pre-

A 4

to post-installation differences that reflect the change in Pre Post Pre  Post
consumption through the analysis period. The Comparison Participant
participants and comparison group are combined in a second-stage model that applies a simple but robust
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difference in difference structure. The difference in difference structure can be understood two
complementary ways: Participant pre- to post- installation difference is adjusted with a proxy estimate of
non-program related exogenous change from the comparison group; The difference between participant and
comparison group post-period consumption is adjusted by any differences identified in the pre-installation
data. The following is a simplified formula for a difference in difference

Energy Savings = (Treatmentp,, — Treatmentp,s.) — (Controlp,, — Controlp,s:)

2.4.2 Implications of site-level approach for measure-level results

For programs like ESA with many small savings measures, billing analysis-based estimates of measure-level
savings will always be challenging regardless of the methodological approach. The total expected savings as
a percent of overall consumption is small compared to the natural variation across households. At the
measure level the savings are extremely small.

The site-level approach provides a well-defined decomposition of consumption to baseload, heating, and
cooling.?” This decomposition supports an understanding of the effects of measures on consumption in these
three areas. Also, household normalized difference in annual consumption enters a second stage regression
where measure level savings are distributed to measures based on the savings levels of households with
different measure bundles. The second-stage results offer a more simple and transparent distribution of
savings to the measure level than other options.

2.4.3 Two-stage vs. panel model approach

A panel model approach, the most common alternative to the two-stage approach, combines the weather-
normalization process and the savings estimation in a single regression across customers and months. For
measure-level results, the panel models further distribute savings to measures in the same mathematical
optimization. With similar data inclusion rules (12 months pre- and post-installation) and the same
comparison group, panel and two-stage approaches will usually give similar results at the whole house level.
The site-level approach offers model flexibility and transparency while the panel approach may offer
improved precision of estimates.

2.4.4 Consistent and replicable results across years

A central part of savings estimation is addressing change in weather year-over-year and weather-
normalizing consumption to typical weather year terms. The two-stage approach, with its flexible site-level
models, achieves this at the individual site level. The panel approach weather-normalizes with a single
model structure across the whole population. At the panel level, weather normalization is determined by a
group of unique households facing different weather. A panel model of PG&E territory applies a single linear
trend from a single degree day base to characterize cooling across households in both the Bay Area and
hotter portions of Central Valley. This sensitivity can affect estimate of weather normalized savings at both
the overall and measure level.

27 as discussed in Section 4.2, baseload is the non-weather-correlated load remaining after heating and cooling-correlated loads
have been removed.
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3 DATA

We present the data and processing steps used in the evaluation in the following sections:

e Section 3.1 provides an overview of the data we used in the analysis.

e Section 3.2 summarizes the ESA program tracking data.

e Section 3.3 explores the combinations of measures installed by ESA participants to provide context for
estimating measure level savings.

e Section 3.4 presents the weather data we used to normalize energy consumption.

e Section 3.5 discusses data preparation.

3.1 Data sources

DNV GL used the following four primary data sources in this evaluation:

1. Tracking data. The 10Us provided ESA program tracking data for the 2014 through 2017 program years.
We used it to identify program participants and obtain measure-level savings estimates for each
participant.

2. Billing data. We used monthly billing data records from January 2010 to June 2018, provided by the
10Us, to evaluate the energy savings from the program. We also used the billing data to identify non-
participant customers on the CARE rate plan at any point between January 2010 and July 2018 to serve
as the potential comparison group.

3. Customer data. The 10Us provided customer data which included information on customer location,
climate zone, and housing type.

4. Weather data. We obtained the weather data from NOAA and CZ2010.28

3.2 Tracking data summary

The tracking data provided information about program participants, including individual and program
identifiers, installation dates, and measure-level information. Installation dates flagged program initiation at
individual sites while measure-level information listed items installed and expected energy savings (ex ante
savings). We requested supplemental information from SDG&E and SCG for tracking files that did not
include ex ante savings for program years 2014—-2016.

Table 3-1 summarizes the tracking data used in this evaluation. We verified the total count of participants,
overall and measure level expected savings and the installed number of measures, with claims that the 10Us
file annually with the CPUC.2° Information from the 10U tracking data generally conforms with data reported
to the CPUC though there are areas noted where there are issues.3°

28 National Oceanic and Atmospheric Administration Hourly Weather Data; California Energy Commission Title 24.
https://www.energy.ca.gov/title24/.
29 Income Qualified Assistance Programs, http://www.cpuc.ca.gov/iqap/

30 Some of the ex ante savings from SDG&E'’s tracking files did not align with CPUC tracking data sources for the years 2014—
2016. Values from SDG&E’s 2017 tracking data, however, were well aligned with CPUC reported information.
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Table 3-1. Tracking data summary by year across 10U

Claimed Savings

Number of

10U Year Participants
:

2014 120,099 42,422,718 1,947,923 8,168
2015 96,878 31,443,738 2,221,789 5,853
PG&E
2016 71,709 26,003,820 1,569,712 5,285
2017 85,159 58,254,754 1,641,681 69,358*
2014 23,049 10,167,536 277,825 o**
2015 21,423 4,075,803 197,041 487
SDG&E
2016 20,340 3,796,839 190,128 93
2017 21,862 3,444,033 208,290 414
2014 69,377 32,982,424 12,543
2015 65,287 27,965,788 4,499
SCE NA
2016 63,176 27,616,052 4,443
2017 70,808 31,651,052 4,791
2014 93,630 3,041,960
71,112 1,534,184
SCG 2015 NA NA
2016 65,576 1,175,007
’ 2017 | 82,271 1,502,002

*PG&E’s unusually high kW claims in 2017 are due to an error in LED kW savings assumptions.

**SDG&E’s 2014 tracking data reported negligible demand savings.

Across 10Us, the number of ESA participants decreased from 2014 to 2016 before increasing in 2017.
Claimed savings generally declined over the same period. SDG&E’s electric and gas claimed savings
decreased over this period. Expected electric savings by SCE, gas savings by SCG, and electric and gas
savings by PG&E decreased from 2014—-2016 but increased in 2017. The increases for SCE and SCG were
modest while PG&E’s claimed electric savings doubled, and demand savings increased by more than 10
times from 2016 to 2017. Tracking information indicates that these increases are due to new LED based
lighting installations including LED A-lamps and LED light fixtures.

3.3 Measure groups

Energy consumption data analysis reflects changes in whole-house energy use due to program intervention.
Such analysis appropriately accounts for interactive effects and possible take-back (or increase in energy
consumption over and above baseline use). However, consumption data analysis does not indicate the
contribution of program elements, such as measures or measure groups, to the estimated whole-house
energy change. Despite the challenges discussed in Section 2.2, we seek to understand measure-level
program effects to help inform improvements in program design.

To calculate savings, we first identify the measure bundles installed by the program and then determine how
they can be grouped to estimate program effects. The measure groups used to estimate savings may be
composed of a single measure or multiple measures frequently installed together. When measures are
consistently installed together, it is not possible to estimate reliable savings for individual measure.

DNV GL Energy Insights USA, Inc. April 26, 2019 page 15



In Section 3.3.1, we identify the measure bundles installed by the program to determine the measure
groups used to estimate measure-level savings. A description of electric measure groups is followed by a
description of gas measure grouping used to identify reasonable measure groups for estimating measure-
level savings.

3.3.1 Electric measure groupings

ESA offered over 30 different electric measures which were installed in a variety of combinations which we
refer to as measure groupings below. Figure 3-1 to Figure 3-3 provide a summary of the top 10 unique
electric measure groupings installed in program years 2016—2017 by SCE, SDG&E, and PG&E,
respectively.3! The x-axis shows the ranking of the measure combination. Measure group 1 was the most
frequent bundle. The grey plot indicates the percent of households who installed each measure grouping
(left axis), while the stacked bar chart shows the average savings per household for each measure (right
axis). As an example, in Figure 3-1, 31% of households installed CFLs and smart power strips with an
average savings per household of 90 kWh for CFLs and 28 kWh for smart power strips.

Figure 3-1. Most frequent SCE electric measure groupings, 2016—2017
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Tracking data indicate that SCE and SDG&E installed 341 and 377 unique measure bundles, respectively. By
contrast, PG&E installed 3,206 unique electric measure mixes, a nearly 10-fold greater combination than
existed in the programs run by the two other electric IOUs. The greater measure mix offered to PG&E's
customers is reflected by the fact that the 10 most frequent measure bundles account for installations at
premises of only 40% of participants. Across the 3,206 measure unique bundles there is an average of 14

31 Measure permutation analysis of this kind was also performed for program years 2014—-2016 during Phase 1 of the evaluation.
The analyses from both phases informed the measure bundles used in measure-level models. We present measure
permutation results from phase 2 to illustrate the process used to determine measure bundles.
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customers. SCE's and SDG&E's top 10 measure bundles, on the other hand, account for installation in about
80% to nearly 90% of their participant households.

The 3 most frequent measure combinations included a CFL. As a result, lighting savings estimates could be
conflated with other widely installed measures. Both SCE and SDG&E included a smart power strip in their
most commonly-installed group of measures. Additionally, SDG&E and SCE had a refrigerator in their third-
most common group of measures.

SCE’s most common measure groupings and the percent of household that installed each group:

e CFL + smart power strips installed (31%0)
e CFL only (19%)
e CFL + refrigerators (9%)

Figure 3-2 shows SDG&E’s most common electric measure groupings and the percent of household that
installed each group:

e CFL + LED night lights + smart power strips (29%o)
e CFL + LED night lights + water heater blanket (26%)
e CFL + LED night lights + smart strip + torchiere + refrigerator (4%o)

Figure 3-2. Most frequent SDG&E electric measure groupings, 2016—2017
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Figure 3-3 shows PG&E’s most common electric measure groupings and the percent of household that
installed each group:

e CFL + interior hard-wired CFL fixture (11%)
e CFL only (8%)
e CFL + exterior hard-wired CFL interior hard-wired CFL bundle (6%)
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Figure 3-3. Most frequent PG&E electric measure groupings, 2016—2017
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3.3.2 Gas measure groupings

ESA offered 15 different gas measures which were installed in a variety of combinations. This section
provides a summary of the top 10 unique combinations of gas measures installed in program years 2016-
2017 by SCG, SDG&E, and PG&E.

Nearly all the most common measure bundles include water conservation and energy savings measures such
as faucet aerators and low flow showerheads. SCG and PG&E installed air sealing in two out of their top
three most common measure combinations. Only SDG&E’s top measure groupings included microwaves.
SDG&E and PG&E installed over 300 unique gas measure bundles while SCG installed over 500. The 10 most
frequent measure bundles account for 70% — 80% of participants for the gas 10Us.

Figure 3-4 shows SCG’s most common measure groupings and the percent of household that installed each
group:

e Air sealing + faucet aerator + low flow showerhead + thermostatic shower valve (24%)

e Air sealing + faucet aerator + low flow showerhead + thermostatic shower valve + furnace tune-up
(19%)

e Faucet aerator + low flow showerhead + thermostatic shower valve (16%)
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Figure 3-4. Ten most frequent SCG measure bundles, 2016—-2017
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Figure 3-5 shows SDG&E’s most common gas measure groupings and the percent of household that installed
each group:

e Faucet aerators (43%) of households
e Microwave at (13%) of households
e Faucet aerator + microwave (8%)
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Figure 3-5. Ten most frequent SDG&E gas measure bundles, 2016—2017
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Figure 3-6 shows PG&E’s most common gas measure groupings and the percent of household that installed
each group:

e Air sealing + faucet aerator + low flow showerhead + thermostatic shower valve (21%0)

e Faucet aerator + low flow showerhead + thermostatic shower valve (11%0)

e Air sealing + faucet aerator + low flow showerhead + thermostatic shower valve + water heater blanket
at (8%)
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Figure 3-6. Most frequent PG&E gas measure bundles, 2016—-2017
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3.4 Weather data

Observed and typical meteorological year (TMY) data are important inputs for addressing changing weather

conditions and their effect on energy consumption. There are 86 NOAA weather stations across California

that provide historical weather observations and for which TMY series were developed (CZ2010). The 86

weather stations are mapped to the Title 24
Climate Zones, displayed in Figure 3-7.

Weather data enter the analysis as degree
days, which are values above or below some
reference point or degree day base. Reference
or base points indicate temperatures at which
individual households switch to using cooling
in the summer (for example, 70°F) and
heating in the winter (for example, 60°F).
Cooling degree days (CDD) are degrees above
the base temperature (temp minus base) or
zero. If daily average temperature is 80°F, for
example, CDD would have a value of 10 for a
reference temperature of 70°F. Heating
degree days (HDD) are degrees below the
base temperature (base minus temp),
expressed positively, or zero.

For summarizing and comparing weather data
over the timeframe of this analysis, we used
HDD and CDD with base 65 (denoted by
HDD65 and CDD65). For the sake of summary
and comparison, we summed degree days to
the annual level. We also aggregated weather
data from the 86 weather stations to the 16
CA climate zones.

Figure 3-7. California Title 24 climate zones (2017)

Building Climate Zones
California, 2017

E Building Climate Zones

G County Boundary

Figure 3-8 provides average annual observed and TMY CDDG65 for each climate zone. The CDD65 values

generally increase as the zones move southward and inland. The gray bars provide the number of

participants across the analysis period from each climate zone. Most participants are in climate zones with
observed CDD65 of at least 1000. The higher CDD65 will be correlated with greater cooling consumption.
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Figure 3-8. Observed CDD and TMY, by climate zone
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Currently, CZ2010 TMYs reflect typical weather from 1980 to 2010. In many areas, the weather during the
analysis time period was warmer than weather that undergirds the TMY data. In some climate zones, CDD
values were greater by more than 500-degree days. Coastal climate zones in southern California observed
CDD65 that look more like those of their inland neighbors. The difference between observed and TMY is

much less dramatic in the Bay Area (zone 3) and the inland climate zones (zone 11 and up).

Figure 3-9 provides the parallel figure for observed and TMY HDD®65. In keeping with the generally higher
temperatures during the analysis period compared to TMY, observed HDDG65 values are substantially lower
than the TMY HDDG65. The reduction in HDD, averaging over 700 HDD across all weather zones, is consistent

across all climate zones across the state. The lower observed HDD65 will be correlated with lower heating

consumption.

Figure 3-9. Observed HDD and TMY, by climate zone
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3.5 Billing data

This analysis is conducted using monthly billing data for all IOUs and all years. In the planning phase of the
analysis, the 10Us provided information regarding the availability of AMI data as the basis for this evaluation.
While AMI data were reasonably complete in the early evaluation years for some 10Us, for others, AMI data
were not fully available even at the end of the analysis timeframe. In consultation with the 10Us, the study
team decided that the lack of complete AMI data in some years for some 10Us made it impractical to pursue
AMI data as the basis for this evaluation.

AMI data coverage should be sufficient to allow its use for future evaluations. Daily consumption data
derived from AMI data can be seamlessly integrated into the routinized modeling process used in this
evaluation. The additional amount of data (daily consumption values for 365 days compared to 12 monthly
average daily values) make it much easier to characterize a home’s heating and cooling characteristics and,
as a result, the weather-normalization process will be much more accurate.

3.5.1 Billing data screening

In this section, we provide an outline of the monthly energy consumption data preparation steps. Table 3-2
to Table 3-7 present the counts of ESA households used in the evaluation for each 10U by fuel and over time.
The tables indicate participant counts with billing data, the number of participants with quality billing data,
participants that had 12 months of pre and post data, and the final number of participants included in the
analysis. The final participants included in the analysis have weather data and savings for the analysis fuel.

First, customer tracking data counts differ from customers with billing data for two reasons. The first is
related to billing data availability and the second is related to tracking data preparation. The goal of the
tracking data prep was to identify which customers had participation patterns that would allow us to conduct
a billing analysis. For all I0Us, we applied the following criteria to prepare the tracking data:

1. Participation frequency. We kept only participant records with three or fewer unique installation dates.
Most participants with more than three installation dates had dates that were too close together to
include in the analysis as the effect of intervention with adequate pre and post participation data would
not be available. Using three dates allowed us to include participants who had participated multiple
times over a long period of time or had multiple installation dates that were closely clustered.

2. Participation window. For participants with three or fewer installation dates, we included participants
whose latest installation date is either less than three months or more than 12 months apart from the
two other possible installation dates. While assessing the distance between installation dates, we
assigned program start and end dates. For participants with one installation date, we defined the
program start date and the program end date as the installation date. For participants with more than
one installation date within a three-month period, we defined the program start date as the earliest
installation date and the program end date as the latest installation date. When installation dates were
more than 12 months apart, we used the most recent installation date for the analysis and assigned the
installation date as the program start and end date.

3. Participation year. Finally, we included participants who were in ESA in 2014 or later.

As a second step in data screening, we reviewed quality of the consumption data. We removed records with
billing period abnormalities such as duplicate or overlapping read dates, billing periods less than 15 days or
greater than 40 days, and records where the period end date preceded the start date. We also removed
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records if consumption was greater than the difference between the standardized maximum consumption
and the average consumption.

The availability of 12 months of pre- and post-period billing data was the biggest factor in determining the
final counts of households used in the analysis. Twelve months of pre- and post-program intervention data is
required for a robust analysis of the program effect because it allows us to account for the effect of the
program in all seasons. From 2014 to 2016, for each fuel and 10U, the household data attrition rate ranges
from 27% to 57%. The 2017 attrition data rate is higher than 2014 to 2016 because 12 months of post data
was unavailable, and the evaluation covered only the first half of 2017.

Table 3-2. PG&E electric billing data attrition

Billing Data Attrition

2014

2015

2016

2017

Customers in tracking data 120,015 96,775 71,665 85,084
Customers with billing data 94,483 76,219 57,893 67,844
Customers with quality billing data 94,431 76,180 57,847 67,812
Customers with 12 months pre and post billing data 55,585 48,601 34,034 13,940
Customers in final analysis dataset™ 51,334 45,118 31,517 12,638
Percent remaining 43% 47% 44% 15%

*These customers have weather data and savings for the analysis fuel.

Table 3-3. SCE — electric billing data attrition

Billing Data Attrition 2014 2015 2016 2017

Customers in tracking data 69,377 65,287 63,176 70,808
Customers with billing data 56,688 51,679 47,688 57,578
Customers with quality billing data 56,673 51,667 47,675 57,578
Customers with 12 months pre and post billing data 37,540 35,947 35,240 24,261
Customers in final analysis dataset™ 36,691 35,403 34,777 24,062
Percent remaining 53% 54% 55% 34%

*These customers have weather data and savings for the analysis fuel.

Table 3-4. SDG&E — electric billing data attrition
Billing Data Attrition 2014 2015 2016 2017
Customers in tracking data 23,049 21,423 20,340 21,862
Customers with billing data 17,247 15,662 15,294 18,622
Customers with quality billing data 17,228 15,644 15,270 18,609
Customers with 12 months pre and post billing data 9,941 8,918 8,731 3,985
Customers in final analysis dataset™ 9,532 8,458 8,485 3,712
Percent remaining 41% 39% 42% 17%

*These customers have weather data and savings for the analysis fuel.

Table 3-5. PG&E — gas billing data attrition
Billing Data Attrition 2014 2015 2016 2017
Customers in tracking data 106,746 86,640 62,702 72,604
Customers with billing data 86,867 69,963 50,209 69,756
Customers with quality billing data 86,726 69,825 49,816 69,078
Customers with 12 months pre and post billing data 51,286 41,855 28,804 12,543
Customers in final analysis dataset™ 46,623 38,417 25,867 11,077
Percent remaining 44% 44% 41% 15%
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*These customers have weather data and savings for the analysis fuel.

Table 3-6. SCG —billing data attrition

Billing Data Attrition 2014 2015 2016 2017

Customers in tracking data 93,630 71,112 65,576 82,271
Customers with billing data 76,411 63,759 57,815 73,869
Customers with quality billing data 76,401 63,747 57,810 73,866
Customers with 12 months pre and post billing data 56,923 28,022 43,187 30,397
Customers in final analysis dataset™ 55,340 27,409 42,318 29,852
Percent remaining 59% 39% 65% 36%

*These customers have weather data and savings for the analysis fuel.

Table 3-7. SDG&E — gas billing data attrition
Billing Data Attrition 2014 2015 2016 2017
Customers in tracking data 12,851 12,336 11,894 13,332
Customers with billing data 9,603 8,838 8,799 11,695
Customers with quality billing data 9,583 8,825 8,774 11,667
Customers with 12 months pre and post billing data 5,677 5,305 4,849 2,247
Customers in final analysis dataset™ 4,338 3,842 3,833 1,805
Percent remaining 34% 31% 32% 14%

*These customers have weather data and savings for the analysis fuel.
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4 ANALYSIS METHODS

ESA is a comprehensive whole-house energy efficiency retrofit program. Thus, methods suitable for
analyzing energy use changes in the entire home are required to isolate the effect of multiple interventions.
A two-stage modeling approach with a comparison group is considered the best practice approach for
estimating whole house savings.3? The rationale for this method is discussed in Section 4.1.

The first stage involves site-level models that weather normalize household energy consumption. The site-
level model is presented in Section 4.2. In the second stage, weather normalized household energy
consumption is used in a pre-post analysis. The difference-in-difference models used in the second stage
produce savings per household. A detailed discussion of this method is provided in Section 4.3.

Comparison groups are used in in the second-stage models to account for changes that are not caused by
weather or the program such as economic conditions or changes in the number of people in a household.
Comparison groups can be constructed in a variety of ways. In this evaluation, we construct a matched
comparison group that provides a reasonable means of controlling for non-program related energy
consumption trends. This method is discussed in Section 4.4.

ESA must install all feasible measures to improve the energy efficiency as well as the health, comfort, and
safety of a home. In the face of the variety of measure mixes installed in ESA homes our approach to
estimate such savings involve bundling measures into groups. The measure groups used to calculate
measure level savings estimates as well as the estimation model are provided in Section 4.5.

Whole-house interventions affect both the rate at which households use energy (consumption measured in
kwh for electricity, therms for gas) and energy use during a specified period (demand measured in kW). In
this study, factors for converting kWh savings to demand (kW) savings are provided in Section 4.6.

As noted earlier, the evaluation was completed in two phases. In Phase 1 we reported draft results. Based
on stakeholder discussions, three additional tasks were completed in Phase 2. Two measure bundles were
split up (shell measures, other water heater measures), interaction terms between evaporative coolers and
room and central ACs were added, and a decision rule to limit the effects of poor model fits at the site level
was added. The additional analytical tasks are discussed in Section 4.7.

4.1 Choice of methodology

The evaluation approach DNV GL chose reflects 3 primary goals. First, the approach met the needs of the
initial impact evaluation scope of work, which requested a routinized evaluation process that provides
consistent savings estimates over time both at the whole-house and measure-levels. Second, the
appropriate method needed to evaluate energy changes after a whole-house energy efficiency intervention.
Finally, the approach needed consistency with accepted evaluation methodologies for analyzing the effect of
intervention of the sort ESA involves.

32 Ken Agnew and Mimi Goldberg. (2017) Chapter 8: Whole-Building Retrofit with Consumption Data Analysis Evaluation Protocol.
The Uniform Methods Project: Methods for Determining Energy Efficiency Savings for Specific Measures. NREL/SR-7A40-
68564, NREL; The Princeton Scorekeeping Method (PRISM®). Fels, Margaret. (1986). PRISM: An introduction. Energy &
Buildings 9, 5-18.
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These goals are related, and the method chosen to address them reflects this overlap. As a start, the
methodology is consistent with the approach laid out in the Uniform Methods Project (UMP) Chapter 8
modeling approach, which provides whole-house savings estimation protocols for retrofit projects like ESA.33
It is also consistent with the general approach of the International Performance Measurement and
Verification Protocol (IPMVP) Option C for Whole Facility that addresses evaluation conditions applicable to
whole-house retrofit interventions. The modeling approach is also closely related to all other forms of
program analysis that use energy consumption data including time-series, cross-section approaches. Finally,
it is also consistent with CalTRACK, the recent effort to develop agreed upon steps for the site-level
modeling portion of the analysis.3*

The approach we are using in this evaluation estimates savings from multi-measure or retrofit projects using
consumption data from utility billing records. The method is suitable for analyzing the effect of the
intervention at the program or program segment level but not for individual participating sites. It uses
consumption data from relatively homogenous sites to provide savings estimates that are applicable to
residential populations at the program level.

The analytical framework lends itself well for a developing a routine and replicable process that ESA can use
to obtain savings estimates that are reliable and consistent over time. The whole-house savings estimates
reflect variation in program implementation year by year, but aid in the comparison of results across years
as well across programs.

4.2 Stage one: site-level modeling

The first stage site-level model correlates daily energy consumption with heating degree days (HDD) and
cooling degree days (CDD). Based on PRISM, 35 this model is used to estimate each household’s response to
(1) outdoor temperatures, (2) the temperature points (base or balance points) that trigger cooling and
heating, and (3) weather-adjusted consumption that reflects typical weather for each site. The outcome of
this process is weather normalized energy consumption.

33 Chapter 8: Whole-Building Retrofit with Consumption Data Analysis Evaluation Protocol. The Uniform Methods Project.
34CalTRACK, http://www.caltrack.org/
35 The Princeton Scorekeeping Method (PRISM®).
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The site-level model is given by:

Eim = wi + ByHpn (ty) + BcCim (Tc) + &im

Where:
Eim Average electric (or gas) consumption per day for
participant i during period m
Ui Base load usage (intercept) for participant i
Heating degree-days (HDD) at the heating base
Him(tn) temperature
Cim(7c) Cooling degree-days (CDD) at the cooling base
temperature t, (not included in gas models)
Bu Heating coefficient determined by the regression
Bc Cooling coefficient determined by the regression
(not included in gas model)
TH Heating base temperatures, determined by choice
of the optimal regression
Tc Cooling base temperatures, determined by choice
of the optimal regression
€im Regression residual

Consumption is estimated over a range of 64°F to 80°F for cooling and 50°F to 70°F for heating to identify
the temperature base points for each site (household); statistical tests identify the optimal set of base points.
The outcome of the site-level model is parameters that indicate the level of baseload (consumption not
correlated with either HDD or CDD) and the relationship between heating and cooling consumption and HDD
and CDD, respectively.

Model parameter estimates for each site allow the prediction of consumption under any weather condition.
For evaluation purposes, all consumption is put on a typical weather basis called normalized annual
consumption (NAC). NAC for the pre- and post-installation periods are calculated for each site and analysis
time frame by combining the estimated coefficients £, and . with the annual typical meteorological year
(TMY) degree days Ho and Co calculated at the site-specific degree-day base(s), iy and .. Normalized
annual consumption is given by:

NAC; = (365 X fi;) + BuHo + BcCo

Individual household level regression models are estimated using observed weather data from the NOAA
sites. Associated TMY data are used to weather normalize annual consumption using the estimated model
parameters. The process serves two purposes; first, putting pre- and post-installation consumption on the
same weather basis so that change in weather is not conflated with program effect, and, second, choosing a
weather basis that represents a reasonable expectation of future weather for the ex ante projections.

Figure 4-1 summarizes how weather affected the analysis over time. All households are modeled on 12
months pre- and post-installation data. A substantial change in weather from the pre- to post- installation
period increases the importance of the weather-normalization process to avoid conflating weather-related
change (up or down) with program-related savings. The figure plots pre- and post-installation CDD
separately, by participation month cohort. For example, the first month cohort that participated in January
2014, faced relatively cooler weather in the year prior to participation (2013) compared to the weather in
the first year after participant (2014). Without weather-normalization and a comparison group, cooling
related savings could be reduced or even removed altogether because of increased cooling occurring in the
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post-installation period for this cohort. The opposite effect, a potential misguided increase in savings, would
have been a concern for much of 2016.

Figure 4-1 Observed CDD and TMY, by participation month
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This figure illustrates how the pre-post weather differential varies over time. Prior ESA impact evaluations
highlighted the challenge of variation in results, year over year. This figure illustrates one of the likely
drivers of year to year variation. The figure indicates that if weather were not appropriately addressed, there
was a potential for substantial upward trend in cooling-related savings from 2014 through 2016. This would
occur because of a clear downward weather-related bias of results in 2014 and a clear upward bias of results
in 2016.

The billing analysis methodology for this evaluation is designed to address this challenge in two ways. The
household-level regressions model the interaction between consumption and degree days for each
household and allow pre- and post-installation consumption to be adjusted to a common weather basis. The
weather-normalization process removes the differential effect of weather as effectively as is possible with, in
this case, monthly data.36

Figure 4-1 also illustrates the effects of normalizing evaluation results with CZ2010 TMY data. The lower TMY
CDD values reduce cooling consumption and cooling savings by approximately 40%. This is the case for
areas where the observed CDD values are higher than the TMY CDD where observed cooling load and
savings correlated with cooling load are reduced (Figure 3-8).

Figure 4-2 shows the pre- to post-installation HDD differentials by participation month. HDD differentials are
even greater than CDD differentials on a percentage basis. For the January 2014 cohort, the post-

36 The inclusion of the comparison group in the second stage regression should address any remaining weather-related differential
not controlled for directly by the household models. We discuss comparison groups in Section 4.4. The comparison group
households also control for other kinds of non-weather-related changes that may be occurring between pre- and post-
installation periods. Some billing analysis approaches do not weather normalize individual households’ energy use or do not

include comparison groups. These approaches risk not fully addressing weather differentials and producing biased and
variable savings estimates.
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installation period HDD is 29% lower than the pre-installation period implying a similar reduction in heating
consumption unrelated to the program installations. For 2015 participants, an uncontrolled weather
differential would increase consumption and savings by 20%. The figure also illustrates the effects of
normalizing with CZ2010 TMY data. The higher TMY HDD values increase heating consumption and savings.

Observed heating load and savings correlated with heating load are increased by an average of 48% as they
are put on a TMY basis.

Figure 4-2 Observed HDD and TMY, by participation month
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4.3 Stage two: difference-in-difference model

Normalized annual consumption from site-level models form the basis for the second-stage of the analysis.
A model based on the pre- and post-difference in NAC for participant households and a matched comparison
group is estimated using a difference-in-difference modelling approach. This model is given by:

ANAC; = a; + BT; + ¢

In this model, i subscripts a household and T is a treatment indicator that is 1 for ESA households and O for
the matched comparison homes. The effect of the program is captured by the coefficient estimate of the
term associated with the treatment indicator, f.

Pre- and post-program periods are based on a definition of a blackout period for each participant. Based on
the CalTRACK recommendation and the 10U-provided tracking data, DNV GL defined a blackout period that
reflects installation month(s) reported in the tracking data. Typically, the tracking data indicates a single
installation date, though some sites have two or three installation months indicated.3” These installation
dates are used to define the blackout period. According to CalTRACK, an intervention period is a “time
between the end of the baseline period and the beginning of the reporting period in which a project is being

37 For each 10U, 99% of projects involved no more than 3 installation months. Projects involving more than three installation
months were dropped from the analysis.
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installed.” It advises the use of “the earliest intervention date as project start date and the latest date as the
project completion date.”38

Figure 4-3 illustrates the second-stage difference-in-difference framework by estimating changes in
consumption following participation in ESA. Two households with similar energy use (left panel) have
changes in such use that is different in the post-intervention period (right panel). The difference or reduction
in energy use in the pre- to post-intervention period is greater for the ESA treated household indicated by
the light orange line. The difference in this pre-post difference between the participant and comparison
groups (purple line) measures program savings.

Figure 4-3. Second-stage difference-in-difference
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4.4 Comparison group development

The goal of any energy efficiency evaluation is to estimate change in energy use due to a program, while
accounting for the effect of other changes in consumption, such as weather, income, and household
characteristics. Weather normalization accounts for the effect weather has on consumption changes. After
weather normalizing consumption, there remain two other possible explanations for pre-post differences:
program-related savings or exogenous changes (non-program, non-weather changes in consumption).
Exogenous changes may be driven by economic or other factors, but they occur across all customers not
just program participants. For instance, if customers are coming out of a period of economic recession, an
average two to three percent increase in consumption may occur across all customers. If this increase is not
addressed, it will directly undermine true savings.

We control for the effect of these types of exogenous changes by using a comparison group. The comparison
group is like the participant group except for program participation. Data from a comparison group is used,
alongside participants’ data in the difference-in-difference model to estimate program impact.

We use propensity score matching to construct a matched-comparison group. This approach is based on
propensity scores that measure the probability that a household can be assigned to a program given its

38 http://docs.caltrack.org/en/latest/methods.html#section-2-data-management
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characteristics. An alternative way to think of propensity scores is as a metric that summarizes several
dimensions of household characteristics into a single metric that can be used to group similar households.
Propensity scores are used to match program participants with similar non-participant households. As Figure
4-4 illustrates, matching is a process of funneling population members with varying characteristics into a
matched set that share similar traits. Further details on the matching methodology and results are provided
in Appendix A.

Figure 4-4. Propensity score matching process
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Matched Study Group

For this evaluation, matched-comparison households for participants are identified using information on all
households’ consumption levels and patterns. Household and other external characteristics that drive
consumption habits are embedded in such data, which provide a readily available source of information that
can be used to identify similar households. Matching is done using monthly billing data prior to any program
start months for candidate participant groups and comparators. We would have preferred to also conduct
matching within housing-type groups, but consistent indicators of housing type were not available for the
eligible comparison group population. In this case, the embedded customer information was used to make
the best feasible match.3°

We use a pool of general CARE population customers that are not in ESA as candidate comparators. This
kind of matching is made practical because the pool of eligible CARE customers is substantially large. In
general, there were approximately 20 to 30 CARE comparison candidates for each ESA participant. ESA

households are drawn from a population whose characteristics is like those on CARE, which makes CARE
households an ideal comparison pool.

We match households using pre-participation consumption. Further, we stratify households into climate
regions so that homes with similar consumption patterns from the same climate region are matched. For the
analysis, we choose one matched-comparison household for each ESA program participant. The quality of

39 In the specific instance of manufactured homes with master metered gas, an additional limitation occurred. The comparison
group process requires common support. To the extent that master metered gas data are outside of the range of eligible
comparison group customers, they will drop out of the analysis.
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matches is tested using procedures discussed in the paper “Model Based Matching and Other Benefits of
High Frequency Interval Data.”4°

4.5 Measure-level models

The primary objective of this evaluation is producing sound and consistent site-level energy savings
estimates of ESA efforts. Measure-level savings estimates can be useful to program administrators tracking
the effectiveness of their program implementation over time and planning for future iterations of the
program.

For the ESA program, with many unique measure bundles installed across the program population and
climate region, estimating individual measure level savings is challenging. First, there is substantial variation
in measure savings across populations and climate regions because of different usage patterns based on
weather and housing type. In addition, measure-level savings will vary by measure bundle. The interactive
effects that necessitate the use of site-level billing analysis also necessitate measure-bundle- savings to
capture the interactive effects. The site-level savings estimates in a given year will reflect the program
population from that 10U and year, with respect to geography and measure bundles that were offered. The
savings will reflect the average savings across measure bundles.

Even with bundling, measure- or measure-bundle-level savings estimates are informative but have
limitations due to the interactive effects mentioned above. The different measure scenarios presented in
Figure 4-5 illustrates these challenges. Each house in the figure has a different measure bundle. Each house
gets a more efficient appliance, cooling or lighting system; for example, the House 1 installed efficient
cooling, washing machine and lighting measures.

Figure 4-5. Measure bundles and program savings
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Estimated energy use reduction reflects the combined effect of the three measures and their interactions
(the union of the circles), and not the sum of their individual effects (the sum of each individual circle).

40 “Model Based Matching and Other Benefits of High Frequency Interval Data” Getachew et.al IEPEC 2017, Baltimore, Maryland
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Further, as different measure mixes are installed across a given service territory both whole-house and
measure-level energy savings reflect the interactive effects of a whole range of different measures mixes
installed to effect change. Estimating the measure level effect of energy use under this scenario is
challenging and requires measure groupings based on the frequency of measure combinations installed and
the extent of their overlap in generating energy efficiency.

We consider these realities when developing measure bundles used to model measure-specific savings. Over
the years, the ESA program has installed 33 electric and 16 gas measures. Table 4-1 provides a list of these
measures. It also provides the measure groups or bundles that DNV GL, in consultation with the
Commission’s Energy Division and 10U staff, developed based on the different installed measures and their
possible interactive effects. We estimate measure-level models based on the 20 measure-categories listed in
the table.
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Table 4-1. Measure bundles used for modeling

Measure Bundle

Air Sealing

Electric Measures

Air Sealing/Envelope

Gas Measures

Air Sealing/Envelope

Central AC

Central A/C Replacement

Duct Testing & Sealing

Duct Testing and Sealing

Duct Testing and Sealing

Evaporative Coolers

Evaporative Coolers Replacement and
Installation

Furnace Repair/
Replacements

FAU Standing Pilot Light Conversion and
Furnace Repair/Replacement

HE Clothes Washers

High Efficiency Clothes Washers

High Efficiency Clothes Washers

Heat Pump Heat Pump Replacement
Insulation Attic Insulation Attic Insulation
Compact Fluorescent Lights (CFL),
Exterior Hardwired CFL fixtures, Exterior
Hardwired LED fixtures, Interior
Hardwired CFL Fixtures, Interior
Lighting Hardwired LED fixtures, LED A-Lamps,

LED Diffuse Bulbs (60W Replacement),
LED Night Lights, LED Reflector Bulbs,

Torchieres - CFL, Torchieres - LED, and
Vacancy Sensors

Maintenance - ACs

Central A/C Tune-up

Maintenance - Furnaces

Furnace Clean and Tune-up

Microwaves

Microwaves

Microwaves

Other Hot Water

Faucet Aerators, Low Flow
Showerheads, Thermostatic Shower
Valves, and Tub Diverter/ Tub Spouts

Faucet Aerators, Low Flow Showerheads,
Thermostatic Shower Valves, and
Thermostatic Tub Spouts

Pool Pumps

Pool Pumps

Refrigerators

Refrigerators

Room AC Replacements

Room A/C Replacement

Smart Fan Delays

Energy Efficient Fan Control

Energy Efficient Fan Control

Smart Power Strips

Smart Power Strips - Tier 2 and Smart
Power Strips - Tier 1

Tank and Pipe Insulation

Water Heater Blankets and Water
Heater Pipe Insulation

Water Heater Blankets and Water Heater
Pipe Insulation

Water Heater Repair/
Replacements

Water Heater Repair/Replacement
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Measure-level savings for the bundles developed are estimated based on the following model specification:

ANACjm = a + Zk vk Tik + &jm

where:

ANAC; = Change in NAC for customer j for post period m

Tik = An indicator variable that is 1 if customer j is a participant installing measure bundle k,
0 otherwise

a, Yk = Coefficients determined by the regression

€j = Regression residual

Savings for measure bundle Kk is given by:
Sk = Yk = Savings for measure bundle k

This regression specification is applied to each year of program data. The model gives results consistent with
single-year whole-house models. This modeling framework makes the routine application of the approach to
additional years of data possible and straightforward while maintaining analytical consistency.

4.6 Demand impacts

The impact evaluation methodology described above does not provide methods to estimate demand impacts
(kW) for electric measures. The 10Us use peak demand impacts (kW) as part of the cost effectiveness
testing for program delivery. It is our recommendation that ESA program administrators continue to use
energy-to-demand conversion factors to estimate kW savings. We recommend using the conversion factors
from the tracking data for existing measures and from the DEER database for any future measures added to
the program. The conversion factors we recommend for current kW saving estimates are taken from the
2017 ESA program tracking data and are provided in Appendix C; DNV GL cross-checked these values with
the 2011 impact evaluation when inconsistencies were found.

In the process of developing these conversion factors, we observed that PG&E is using inflated kW savings
for new LED measures in 2017.

4.7 Additional analytical tasks

The analysis of Phase 1 results highlighted undertakings that could be more useful for the 10Us or make
findings more robust. Our analysis of the contribution of measures to overall total savings indicated that the
other water heating and shell measure bundles were each responsible for substantial portions of savings.
Both bundles were comprised of measures with divergent expected savings. The other water heating bundle
include water heater tank insulation blankets and pipe insulation along with low-flow showerheads. We
separated the insulation-oriented measures because they are a purely physical, non-behavioral measure.
Similarly, the shell measure-bundle combined attic insulation with air-sealing. The latter is much more
frequently performed but insulation was expected to produce greater savings. Splitting these measure
bundles provided more targeted savings estimates for these measures and improved the quality of the
overall model because they better control for the variation in savings.

SCE was interested in understanding the interactive effects of evaporative coolers with room and central air
conditioners. By adding an indicator variable for households where both measures were installed, the
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interactive effect is made explicit. This change provides a better estimate of savings for the room and
central ACs.

We also investigated options for assessing the quality of first stage models and then addressing the potential
bias issues therein. First, it is important to understand that the consistent treatment of the comparison
group limits the negative effects of first stage modeling issues on the results. The root causes of poor
models should be evenly distributed across the participant and comparison groups and thus the issues in
one group counteract the possible effects of the other. We focused on a concern rooted in the limitation of
billing analysis on monthly data. Sometimes there is enough of a heating or cooling signal to include a
heating and/or cooling slope in the model, but the overall model does not fit the data well. This problem is
particularly a concern when the poorly determined slope is steep. Under this condition, the process of
weather normalization can dramatically change modeled consumption levels. We created a decision rule that
flagged households where modeled consumption increased by more than 50% over actual consumption and
the model fit was not strong (an R-square < 0.8). In these cases, we reverted to a baseload only model,
rather than removing the household. The baseload only model is effectively actual load and removes the
possibility of weather-normalizing these sites. This adjustment affected less than 3% of household for any of
the 10Us or fuels. This process corrected implausible and anomalous increases in normalized annual
consumption relative to observed consumption reducing the underlying variation in the models.
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5 IMPACT ESTIMATES

This section provides electric and gas savings estimates at the household, measure, and program level.
Section 5.1 provides estimates of electric savings per household and compares expected and ex ante
savings. Additional details of savings per household by housing type and climate zone are presented to shed
light on the possible sources and variations of these savings across 10Us. Measure-level results broken down
by whole-house level estimates savings per household are also presented. Analogous discussion for gas
savings is presented in Section 5.2. Aggregate program savings are presented in Section 5.3.

5.1 Electric impact estimates

5.1.1 Whole house

Annual electric whole house savings estimates for the three electric IOUs are provided in Table 5-1. The
table provides the count of participants with electric savings in each year used in the analysis. Values for
2017 reflect ESA program activity for the first half of the year only. Like the trends noted at the overall
program level in Section 3.2, the analysis data indicates that SCE and SDG&E decreased the size of their
programs by 5-10% from 2014 to 2016. PG&E’s program participation showed a significant drop of 40%
from 2014 to 2016.

Table 5-1. Electric modeled and ex ante savings per household over time

Average Savings (kWh) i )
10U Year N Savings as % of Ex
149 390

2014 51,334 38%

2015 45,118 125 341 37%
PG&E

2016 31,517 90 381 24%

2017 12,638 131 495 26%

2014 36,691 277 408 68%

2015 35,403 261 366 71%
SCE

2016 34,777 238 356 67%

2017 24,062 187 352 53%

2014 9,532 79 379 21%

2015 8,458 48 184 26%
SDG&E

2016 8,485 67 169 39%

2017 3,712 30 162 18%

The whole-house electric results are relatively stable for all IOUs between 2014 and 2017. Savings estimates
are statistically significant, except for the SDG&E 2017 estimate.*! The three 10Us deliver savings at three
distinct levels, as seen in Figure 5-1 and Figure 5-2. SCE’s savings steadily decreased from 277 kWh to 187
kWh between 2014 and 2017. PG&E’s savings decreased from 149 kWh to 90 kWh through 2016 with a

41 The 2017 electric savings estimate is not statistically significant.
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rebound in 2017. SDG&E’s savings decreased from 79 kWh to 30 kWh with greater variability across the
years. Figure 5-2 provides modeled electric savings as a percent of average household consumption.

Figure 5-1. Electric savings per household and percent of ex ante over time
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Figure 5-2. Electric savings as a percent of household consumption
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Table 5-1 also provides the expected savings from the tracking system as well as the savings as a percent of
expected savings (also illustrated in Figure 5-1). PG&E and SCE expected savings average about 400 kWh
per household over the four years. On the other hand, SDG&E was expected to save half as much on
average over the four years. In 2014, SDG&E's expected savings were about the same as the expected
average savings of PG&E and SCE, but the expected savings fell 50% over the remaining three years. The
consistent patterns across Figure 5-1 and Figure 5-2. indicate that changes across years are primarily
explained by changes in savings magnitude as opposed to changes in either expected savings or average
household consumption.
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On average, SCE achieved around two-thirds of its expected savings, PG&E realized a third, and SDG&E a
quarter of the expected savings over the four years program (Figure 5-1). Realized savings relative to
expected savings vary with SCE's values ranging from about 50% to 70%. PG&E’s savings relative to
expected savings are below 38%. SDG&E’s savings rate are close to PG&E’s, despite lower savings, because
SDG&E’s expected savings dropped in the last three years.

The results presented here differ from the Phase 1 results because of additional modeling. The analysis
described in Section 4.7 tested modifications to the original models to improve the quality and applicability
of the results. The additional steps included changes to site-level model inclusion rules that were expected

to an effect on whole house savings results. For PG&E and SCE, the changes caused savings to increase less
than 5% in three of the four years. SDG&E, with its smaller program population and lower savings estimates,
saw the largest change resulting in decreased savings. Unexpectedly, SDG&E 2015 savings changed from
statistically significant prior to the changes to non-significant after. This change is caused by a substantially
lower point estimate indicating that outliers may have artificially inflated the original results.

Looking at savings by housing type offers clues for the average electric whole-house savings estimates. The
residential population that the ESA program targets reside in single family, multi-family, and manufactured
homes. Figure 5-3 illustrates the mix of housing types targeted by each 10U based on the data used in the
analysis.#? Single family houses constitute most residences receiving measure installations by the program
for all IOUs. However, the share of single-family housing in the program is higher for PG&E and SCE at
three-quarters of the total. The two 10Us also have similar housing type shares for the remaining two
categories. However, SDG&E has a much larger share of multifamily participants.

Figure 5-3. Percent of participants by housing type in the electric analysis dataset
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Figure 5-4 provides averages electric savings estimates by housing type for each I0U. The levels of savings
reflect the distinct patterns noted earlier, but also indicate electric savings variation by housing type. All
three 10Us achieve their highest savings in manufactured homes followed by single family homes. While
savings per household in multifamily homes is the lowest among the three housing types, electric savings
per household for SDG&E’s multifamily participants is particularly low. This may drive lower overall savings
noted in Table 5-1 and Figure 5-1.

42 overall program data indicates that the breakdown of housing type aligns with the analysis sample.
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Figure 5-4. Electric savings by housing type
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In addition to savings by housing type in the ESA program, an examination of the baseload, heating and
cooling components of savings can be suggestive of what the measures installed by the program are
achieving. Such an examination revealed a consistent finding across the years by I0U. Figure 5-5 provides
an example from 2016. For PG&E, savings per household are primarily due to baseload savings with limited
amount of cooling and virtually no heating load savings. This is consistent with the mix of measures installed
at the utilities. PG&E primarily installs measures that would provide baseload savings (consistent savers at
the measure level include refrigerators and lighting) with limited installation of measures that would show up
as cooling savings (insulation, AC maintenance). In contrast, SCE installs AC and evaporative cooler
measures that demonstrate clear cooling related savings. SDG&E installs baseload measures and appears to
get electric heating savings from the weather correlated measures such as insulation, air sealing and duct
sealing.

Consistent with the measure mixes, the savings have a locational dimension that explain the type of electric
savings. SCE’s service territory covers some of the hotter inland climate zones that probably facilitate
cooling load reduction. SDG&E’s ESA population is in more mild coastal areas and has a substantially higher
incidence of electric heating. The analogous figures for the remaining years are presented in Appendix B.
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Figure 5-5. Electric savings components, 2016
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Figure 5-6 presents the pattern of electric savings estimates per household by climate zone. PG&E serves
customers both in the mild climate zones of 1-5 and inland climate zones of 11-13 and 16. Despite the
inland climate zones having higher temperatures, the reductions in energy use per household are not higher
than in the mild regions. This is consistent with PG&E decreased focus on cooling-related measures. SCE’s
focus on cooling-related measures is evident in the high savings in climate zones 13-16. SDG&E’s program is
concentrated in the milder climate zones.

Figure 5-6. Electric savings by climate zone
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Note: Only estimates with 300 participants or more are reported here.

5.1.2 Measure level

Estimated measure-level electric savings per household can be grouped into three general categories. First
is a group of measures that provide high savings of more than 300 kWh per household including
refrigerators, central AC, evaporative coolers, and pool pumps (Figure 5-7). Figure 5-8 also indicates
realization rates for this group of measures, with the exception of pool pumps, is high indicating that they
achieve and even exceed their expected savings. Second is group of measures that provide moderate
savings of between 100 and 300 kWh per households including high efficiency clothes washers, other hot
water measure and insulation. Third, there are a group of measures that provide moderately low savings per
household of less than 100 kWh that include lighting, smart power strips and AC maintenance.
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SCE installs all the large savers, including refrigerators, central AC, evaporative coolers, and pool pumps. Its
program also offers moderate saving measures, a combination that could explain why it experiences notable
baseload and cooling load reductions. PG&E installs some of the large energy saving measures including
refrigerators and evaporative coolers, but PG&E installs half as many evaporative coolers as SCE and they
only yield an average reduction of less than 100 kWh per household in PG&E territory. PG&E also installs
moderate energy saving measures such as lighting. The combination of lighting and refrigerators and hot
water measures likely drives the predominance of baseload savings for PG&E ESA participants. The only high
savers that SDG&E installs are refrigerators and households in its ESA programs are also estimated to get
moderate electricity savings from smart power strips, insulation, and air and duct sealing measures. The
higher prevalence of electric heat in SDG&E territory combined with the air and duct sealing measures
explains SDG&E’s heating load savings.

Figure 5-7. Electric measure-level savings per household
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Note: Measure groups with fewer than 100 participants are not displayed.

At the measure level, any conclusions drawn are nuanced because of the difficulty of getting clear signals for
many measures that have small expected savings and are installed widely across diverse measure bundles.
When focusing on measures with high precision, many of the key high savings measures appear to have ex
antes that are too high (Figure 5-8). Refrigerators (all IOUs), pool pumps (SCE) and lighting (PG&E, SCE)
are all important and consistent performers but not at the level of ex ante expectations. SDG&E’s
refrigerator ex ante values are lower than the other 10Us’ for all years and they report the only annual
savings greater than ex ante expectations. On the other hand, some other measures appear to perform
better than expected. SCE cooling measures, CAC, heat pump and evaporative coolers, all perform
substantially better than ex ante. The PG&E insulation measure performs at or above its ex ante value in
most years. As an example of where measure-level results can be misleading, SDG&E air sealing measure
appears to be highly statistically significant and producing savings at three times the level of expectation. In
this case, these results appear to be an outgrowth of collinearity with lighting, another widely installed
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measure. SDG&E lighting savings are small or even negative and the lower savings results line up with the
clearly inflated air sealing results.

Figure 5-8. Electric measure-level savings as percent of ex ante across 10Us
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Figure 5-9 provides the 5 most frequently installed electric measures by the 10Us. In addition to the
measure-level savings just discussed, these commonly installed measures yield clues for the patterns of
savings seen among ESA households in each 10U’s service territory. PG&E and SDG&E installed that same
set of top five measures. With the exception of refrigerators, these measures provide modest savings. PG&E
installed a higher percentage of refrigerators and lighting than SDG&E while installing fewer microwaves, a
negative saver. These differences could explain PG&E higher savings levels than SDG&E. In contrast, three
of SCE’s 5 most frequently installed measures were high savings measures - refrigerators, evaporative
coolers, and pool pumps. In addition, SCE did not install any microwaves. Fully 18% of the measures
installed by SCE produce substantial savings as indicated by the measure-level savings estimates. The
frequency of the installation of high saving measures explains why SCE’s site-level sayings are the highest
among the 10Us.
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Figure 5-9. Top 5 most frequent electric measures by 10U
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5.1.3 Results of additional measure-level analysis

The additional analysis task prioritized two areas that affected the measure-level results. In prior results,
air-sealing and insulation were combined in a single measure bundle referred to as enclosure. These two
measures are shell-related and quite different in their installation pattern as well as their expected savings.
Approximately 15% of PG&E households claimed electric savings for air sealing as a measure, whereas
insulation was installed in less than 5% of homes. A quarter of SDG&E participants received air sealing for
electric savings but just a few hundred homes were insulated. Expected savings are at least double for
insulation compared to air sealing.

Splitting the enclosure measure bundle makes it clear that insulation is a strong measure for both SDG&E
and PG&E. Insulation savings are strong relative to ex ante savings. Air sealing alone does not perform well
for PG&E, generally providing negative savings, but does much better for SDG&E. There is evidence that the
air sealing savings for SDG&E are related to the greater prevalence of electric heating among SDG&E
participants.

The other measure that was split was domestic hot water other. The measure includes pipe and tank
insulation measures along with various water-flow related measures. Like the enclosure measure, the tank
and pipe insulation measures have different expected savings and are installed much less frequently. In this
case, the other hot water measure bundle has higher expected savings than the pipe and tank insulation
measure because many households receive multiple water-flow related measures. PG&E is the primary
installer of pipe and tank insulation. The savings for the tank and pipe insulation measures and water-flow
measures stayed positive and at similar savings levels across all years.

A separate additional analysis task included interaction terms for combined installations of evaporative
coolers with either central ACs or room ACs. SCE installs the largest number of these measures. The
inclusion of the interaction term increases the savings of evaporative coolers and CAC measures. The
interactions terms are primarily negative indicating that when evaporative coolers are installed along with
either of the other measures, the combined savings is less than the sum of the two measures individually.
Room ACs savings remain negative but are less negative with the interaction term.
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5.2 Gas whole-house impact estimates

5.2.1 Whole house

Figure 5-10 presents the average estimated savings per household and the percent of ex ante savings by
year. Values for 2017 reflect only the first half of the year. Savings estimates for PG&E, SCG, and SDG&E in
2014 are statistically significant, while estimates for SDG&E in 2015 through 2017 are not statistically
significant. The whole-house gas results for PG&E and SCG are relatively stable across years while SDG&E'’s
gas savings decreased substantially from 2014 levels and then remained steady from 2015 to 2017. SCG
savings ranged from 6 therms to 8 therms. PG&E’s savings ranged from 7 to 9 therms. SDG&E’s savings
ranged from 3 therms to 5 therms. Figure 5-11 provides modeled gas savings as a percent of average
household consumption.

Figure 5-10. Gas savings per household and percent of ex ante over time
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Table 5-2 presents the count of participants with gas savings used in the analysis, the savings per household,
the ex ante savings, and the modeled percent of ex ante savings. PG&E’s expected savings (ex ante)
increased in later years while SCG’s expected savings dropped by almost half. SDG&E’s expected savings
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decrease moderately. PG&E’s savings as a percent of expected savings fluctuated around 30%. SCG’s steady
savings drive improved realization rates with the decrease in expected savings over time. SCG’s savings as a
percent of expected savings increased from around 20% in 2014 and 2015 to over 40% in 2016 and 2017.
SDG&E’s reduction in estimated savings is more precipitous than the decrease in expected savings driving
lower realization rates. SDG&E’s savings as a percent of expected savings decreased from nearly 30% in
2014 to approximately 20% from 2015 to 2017.

Table 5-2. Gas modeled and ex ante savings per household over time

Average Savings

(Therms) Savings as %
of Ex-Ante
Modeled Ex-Ante
2014 46,623 7 20 36%
2015 38,417 8 29 29%
PG&E
2016 25,867 7 24 28%
2017 11,077 9 23 39%
2014 55,340 6 31 19%
2015 27,409 6 21 26%
SCG
2016 42,318 8 16 46%
2017 29,852 7 16 43%
2014 4,338 5 18 29%
2015 3,842 3 16 17%
SDG&E
2016 3,833 3 15 22%
2017 1,805 3 15 18%

The results presented here differ from the Phase 1 results because of a final in-depth modeling task. These
analysis, discussed in Section 4.7, tested multiple modifications to the original models with the intent of
improving the quality and applicability of the results. The additional steps included changes to site-level
model inclusion decision rules that were expected to have some effect on whole house results. The modeling
changes did not affect the results for PG&E. SCG’s estimates for 2015 and 2016 increased by 1 therm each,
while the estimates for 2014 and 2017 did not change. SDG&E, with its smaller program populations and
smaller savings estimates, changed more than the other 10Us and savings mostly decreased. For SDG&E,
savings estimates for 2014 through 2016 decreased by 1 therm, while their 2017 estimate increased by 1
therm. Additionally, the 2015 estimate for SDG&E flipped from statistically significant prior to the changes to
non-significant after. The consistent patterns across Figure 5-10 and Figure 5-11 indicate that changes
across years are primarily explained by changes in savings magnitude as opposed to changes in either
expected savings or average household consumption.

Like electric savings, examination of savings by housing type may shed light as to the patterns observed at
the whole-house level. Figure 5-12 indicates that gas savings per household are similar across housing types.
Multifamily homes contribute the most to gas savings followed closely by savings among single family
homes. Manufactured homes have small or no savings.
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Figure 5-12. Gas savings by housing type
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Figure 5-13 indicates that most common housing type receiving gas measures is single family houses
followed by multifamily. Manufactured homes constitute the lowest proportions of housing type so the effect
of low savings from this segment on overall savings is limited.

Figure 5-13. Percent of participants by housing type in the gas analysis
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The components of gas savings per household indicate that most gas savings are due to baseload reductions
for PG&E and SDG&E. Baseload savings are likely driven by water heating savings. Figure 5-14 indicates the
2016 estimates; the figures for all the years under consideration are in Appendix BAppendix BAppendix
BAppendix BAppendix B. The figure indicates SCG’s gas savings are also mostly due to baseload reduction,
but there is also some heating load reduction for ESA homes in SCG’s service territory. SCG installed more
insulation, with its high savings, twice as frequently as PG&E, which probably accounts for the heat load
savings noted.
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Figure 5-14. Gas savings components, 2016
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Estimates by climate zone indicate that most of PG&E’s gas savings are among households located in homes in
the central valley, particularly in climate zones 12 and 14 (Figure 5-15). Gas savings per household is lower
among homes in the costal climate zones of 1, 2, and 3; the latter includes the San Francisco Bay Area. SCG
does not have a regional trend in gas savings, but the highest gas savings per household is for houses located
on the coast (climate zone 6), inland in the central valley climate zone 13 and among homes located in the
desert climate zone of 15. SDG&E’s savings are moderately higher for homes on the coast (climate zone 7)
than inland (climate zone 10).

Figure 5-15. Gas savings by climate zone
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5.2.2 Measure level

There are no estimated gas savings per household from HVAC related measures (Figure 5-16). Furnace
repair and replace and furnace maintenance savings are negative. Shell measures, insulation, duct sealing
and air sealing, on the other hand, provide gas savings per household. Insulation, particularly, provides the
highest gas savings per household of between 20 and 50 therms. These point to shell measures as being the
probable source of heating load reductions. The remaining measures are related to baseload reductions and
offer mid-range gas savings per household ranging from 2 to 10 therms for the three hot water measures to
10 to 20 therms for high efficiency clothes washers.
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Figure 5-16. Gas measure level savings per household
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Figure 5-17 indicates that measures achieve 8% to 106% of their expected savings. Of the shell measures,

only insulation achieves slightly more than its expected savings while the rest do not perform as well as
expected. The HVAC measures produce negative savings.
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Figure 5-17. Gas measure-level savings as percent of ex ante
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Note: We did not include smart fan delay in this figure as no ex ante savings were provided.

The percentage of most commonly installed measures explain why gas savings per households are mostly
tied to baseload reduction. Homes in PG&E’s service territory have baseload gas reductions because most
measures installed (hot water savings and tank and pipe insulation) are baseload related (Figure 5-18).
Even though insulation provides a remarkable amount of gas savings, it makes up only 2% of installed
measures and is installed in only 5% of homes. We note, however, temperatures during the evaluation
timeframe were mild compared to historical trends, reducing the potential for heating load reductions.

The most commonly installed measure by SDG&E (other hot water) similarly provides baseload gas savings.
SDG&E also installs measures that either do not provide much gas savings (microwaves) or are estimated to
increase gas use (HVAC related). The latter may improve comfort and result in an increase in gas use due to
possible pent up demand (takeback). SCG also offers measures likely to affect baseload gas use. It also
offers air sealing, which could be the source of the heating load reductions.

Figure 5-18. The five most frequent gas measures by 10U
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5.2.3 Results of additional measure-level analysis task

The additional analysis task discussed in Section 5.1.3 primarily affected the gas measure-level results. Air-
sealing and insulation, though both shell-related, are quite different in their installation pattern as well as
their expected savings. For gas participants, over three quarters of SCG and PG&E households receive air
sealing measures, whereas insulation is installed in roughly 5% of homes. Slightly under half of SDG&E gas
participants receive air sealing measures but only a few hundred homes are insulated. Expected savings are
at least double for insulation compared to air sealing. As with the electric results, separating these measures
produces substantial and statistically significant savings for insulation, while air sealing results are mixed.

The other split measure was “domestic hot water other,” which includes pipe and tank insulation along with
various water-flow related measures. Like the “enclosure” measure, the “pipe and tank insulation” measures
have different expected savings and are installed less frequently. Almost all gas participants receive multiple
water-flow related measures, grouped in the other hot water measure bundle, which has higher expected
savings than the pipe and tank insulation measure. PG&E installs pipe and tank insulation in roughly 20% of
homes and SCG installs this measure in about 5% of homes. Both of the split measures produce statistically
significant savings for both PG&E and SCG. The water-flow savings are consistent across the PG&E and SCG
but are lower and less consistent for SDG&E. SCG’s pipe and tank insulation savings are higher than PG&E’s.

5.3 Aggregate program impacts

This section shows the total evaluated electric (kWh) and gas (therms) program savings. As described in
Section 3.5, the analysis is based on a subset of total program participants for whom there is sufficient data.
Total program savings are based on modeled average household savings for each program year projected to
the population of participating households. Table 5-3 shows the total program electric savings by year for
each electric utility. Evaluated program savings are fractions of the program savings expected by the 10Us
(presented in the tracking summary in Table 3-1). For the 2015—-2017 period, PG&E expected savings of 116
GWh compared to estimated program reduction of 29 GWh. SCE expected program savings of 87 GWh and
achieved an estimated reduction of 45 GWh. SDG&E’s smaller treatment population was expected to
generate 11 GWh of savings over the three-year period and achieved a reduction of 3 GWh.

Table 5-3. Electric program savings by 10U and year

Program Modeled
10U Year Participant Average ;—:\t/?rll;;za\r;g
Households Savings (kWh)

2015 96,878 125 12,071,906

PG&E 2016 71,705 90 6,461,277
2017 83,272 131 10,917,437

2015 65,287 261 17,030,502

SCE 2016 63,169 238 15,010,613
2017 70,828 187 13,262,244

2015 21,413 48 1,018,996

SDG&E 2016 20,325 67 1,353,092
2017 21,620 30 640,831

Table 5-4 shows the total program gas savings by year for each gas utility. Total program gas savings are
similarly lower compared expected savings. PG&E expected total gas savings of 5 million therms over three
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years (2015-2017) but achieved only 2 million therms. SCG expected gas program of 4 million therms but
only achieved gas savings of 1.5 million therms over the same three-years. SDG&E expected total gas
savings of about 600,000 therms from 2015 to 2017 and achieved gas savings of 187,000 therms.

Table 5-4. Gas program savings by 10U and year

Program Modeled Total Program
Participant Average Savings Savings

Households (Therms) (Therms)
2015 96,878 8 813,684
PG&E 2016 71,705 7 495,552
2017 83,272 9 741,534
2015 71,202 6 395,017
SCG 2016 65,600 8 492,448
2017 82,271 7 567,476
2015 21,413 3 58,811
SDG&E 2016 20,325 3 67,953
2017 21,620 3 59,877

DNV GL Energy Insights USA, Inc. April 26, 2019 page 54



6 CONCLUSIONS AND RECOMMENDATIONS

Key Conclusions Key Recommendations

Qo

Ex ante savings assumptions were higher ESA program planners can use the
than achieved savings, with some measures impact results to develop new ex ante
leading to an increase in consumption. savings assumptions.

ESA program administrators should look
ESA tracking data are organized differently to improve program tracking with
across I0Us standardized fields, and better align
program data with billing system.

The evaluation methodology produced
consistent results at the household level
but not at the measure level.

Future evaluations should explore other
statistical analytical methods

There are limits to the answers that a Future evaluations should include a process
billing analysis can provide for how evaluation element to better research how
program delivery effects savings. program delivery is linked to the impacts.

6.1 ESA program results and implications for future years

The ex ante savings assumptions for ESA program years 2015-2017 were higher than the achieved savings
found in this impact evaluation. At the household level, ESA program expected savings were overestimated
by each I0U. Measure level expected savings are similarly high for most measures with the general
exception of insulation and cooling related measures. One explanation for this outcome is inflated savings
estimates in prior evaluations (Section 2.2) that were subsequently used as the planning assumptions for
the program years 2015-2017. Other possible explanations for achieved savings below expected savings
include possible issues related to program design and implementation practices. This evaluation did not
include a process evaluation and, as a result, does not have data with which to assess the potential role of
these issues.*® Our evaluation indicates that some measures may lead to an increase in consumption.
Program administrators understand some measures are justified on health and safety grounds and not

43 Related recommendations are discussed in Section 6.3.
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energy efficiency. To the extent that these measures still have positive ex ante savings assumptions, the
consumption-increasing potential may not have been factored in sufficiently.

¢ Recommendation 1: ESA Program planners should use the results of this impact evaluation to develop
new ex ante savings assumptions for measures that roll up to reasonable household level savings.

¢ Recommendation 2: ESA program planners should fully account for potential consumption-increase
assumptions for measures that are installed for non-energy related benefits. This would include, for
instance, flagging fixes to heating or cooling units where the unit was not working or not used prior to
the visit. This will segregate off installations that increased consumption and improve overall program
savings projections.

6.2 ESA program tracking data issues

The evaluation team encountered challenges cleaning the ESA program tracking data and ensuring that the
tracking data aligns with CPUC reported values. Verifying the accuracy of the tracking data will improve
future analyses. The verification should confirm that the tracking data matches what the 10Us report to the
CPUC. Preparing the tracking data took considerable time and effort that could have been spent on the
analysis. We provide a summary of challenges and suggested solutions for future evaluations below work:

e Tracking data should include ex ante unit and total measure savings; tracking data submissions for two
10Us did not include ex ante savings for reported measures. Attaching the supplemental information
provided later was challenging

e Tracking data should provide counts for each measure that roll up to total measure quantities installed
at each site, and ultimately to annually reported counts

e 10Us should ensure the number of households reported in the tracking data reflect the totals in the
annual values

e Tracking data should provide measure categories and measure names that match the annual reporting
categories

e If possible, 10Us should provide instructions on how tracking data counts and savings should be
aggregated; one challenge in this evaluation involved determining how measures with units of “each” or
“home” should be rolled up to obtain total counts

e In addition to participant housing type, tracking data should include climate zone and zip code

Matched comparison groups within housing type could not be created due to inconsistent definitions of MF
between the ESA program and customer information tables.

¢ Recommendation 3: All relevant identifiers in the program tracking fields should be standardized such
that information readily rolls up to program totals and matches the values reported to the CPUC.
¢ Recommendation 4: Program definitions and requirements should be aligned with billing information.

6.3 Future ESA evaluations

This evaluation developed a routinized and replicable evaluation methodology for the ESA program. The
impact methodology applied in this evaluation is consistent with methods proposed for “California Pay for
Performance” third party programs and can be adapted for advanced meter infrastructure (AMI) data. This is
an ideal method for future evaluations to ensure consistent analysis methods across evaluation timeframes.
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However, there are there are several research questions that could be addressed in future evaluations by
using AMI data and conducting a process evaluation that could potentially yield useful information that
informs the implementation of ESA programs in the future.

While measure level savings information is important for planning purposes, aggregated measure-level
results must be consistent with household level savings. That is, a weighted sum of the measure-level
savings must add up to the household level savings. Zero and negative savings cannot be ignored without
adjusting positive savings estimates.

¢ Recommendation 5: Future evaluations should replicate the two-stage analysis approach followed here
and expand the billing analysis from monthly consumption data to daily data using the available AMI
data. AMI data will improve the quality of weather-normalization in the first stage modeling reducing
variability and improving the quality of results in the second-stage model. Any new methods or
approaches proposed for future evaluations should be required to replicate results using this approach
and demonstrate the relation to and improvements relative to the current approach.

¢ Recommendation 6: Future impact evaluations should include a process evaluation of program
delivery mechanisms to inform future impact evaluations.
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7 APPENDICES

7.1 Appendix A: Matching results
7.1.1 Additional matching details

We provide further detail on the matching algorithm we use as well as matching results in this section. He
Propensity score matching method used here follows the steps listed below:

e Select households’ characteristics that are related to program participation

e Examine the distribution of these characteristics and exclude observations of the comparison group that
do not overlap with those of participants’ as a first round of identifying common support for matching

e Fit a logistic regression using these variables to estimate the probability of program participation

e Conduct a second round of trimming or common support identification based on propensity scores

e Select a matching method, the number of comparators in the many-to-one matching, and whether to
match with or without replacement; match participant households’ scores to comparison households
based on these selections

e Conduct diagnostic checks to see selected matches are well-balanced

We match participant households in each 10Us service territory using monthly electric and gas use prior to
program implementation. We also use climate zone information to stratify the data for matching. This
involves implementing the matching procedure within three climate zone groups defined as inland, desert,
and mild. Table 7-1 illustrates the climate zones used in the analysis and the distribution of participant
households across the climate zone groups by 10U.

Table 7-1. Climate zones used in stratified matching

Percent Program Participants in Each
Climate Group

Title 24 Climate
Zones

Climate Zone
Group

Mild/Coastal 1,2,3,4,5,6,7,16 36% 8% 9% 55%
Inland 8,9,10,11,12,12,14 64% 88% 85% 45%
Desert 15 0% 4% 6% 0%

7.1.2 Matching results

We use two metrics, standardized difference of the mean and the ratio of the variance of matched-
comparison and participant households, to check that the selected matches are well-balanced and
appropriate for analysis. The mean and the variance fully characterize the distribution of consumption
among the two groups, and the two metrics provide a good indication of the condition of balance. A
standardized difference value that exceeds 0.2 or 20% indicates a significant imbalance as does a variance
ratio that is 2 or more, or less than 0.5. Values of standardized means differences that are close to 0 and
ratios that are close to 1 indicate well-matched samples.
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Table 7-2 to Table 7-7 provide the value of the metrics for normalized monthly energy consumption before
and after matching participant households to matched-comparison households.** We note an imbalance
prior to matching with the value of standardized difference means equaling up to 0.2. All matched datasets,
on the other hand, have a value of zero. The variance of the ratios of the two groups, which are also close to
1, indicate good balance post matching.

Table 7-2. SCE electric matched-comparison balance test

Unmatched Matched
Month Standardized Variance Standardized Variance

Difference Ratio Difference Ratio

(®) R ((®)) (R)
1 0.1 0.9 0.0 1.0
2 0.1 0.9 0.0 1.0
3 0.1 0.9 0.0 1.0
4 0.1 0.9 0.0 1.0
5 0.1 0.9 0.0 1.0
6 0.1 0.9 0.0 1.0
7 0.1 0.9 0.0 1.0
8 0.1 0.9 0.0 1.0
9 0.1 0.9 0.0 1.0
10 0.1 0.9 0.0 1.0
11 0.1 0.9 0.0 1.0
12 0.1 0.9 0.0 1.0

Table 7-3. SCG gas matched-comparison balance test

Unmatched Matched
Month Sta_ndardized Variance Sta_ndardized Variance
Difference Ratio (R) Difference i (02)
((®) ((®))

1 0.1 0.9 0.0 1.0
2 0.1 0.9 0.0 1.0
3 0.1 0.9 0.0 1.0
4 0.1 0.9 0.0 1.0
5 0.0 1.0 0.0 1.0
6 0.0 1.1 0.0 1.0
7 0.1 1.1 0.0 1.0
8 0.0 1.1 0.0 1.0
9 0.0 1.1 0.0 1.0
10 0.0 1.0 0.0 1.0

44 Matching results for data from Phase 2 of the study (based on program years 2016 and 2017) is presented in this section.
Phase 1 of the study is based on data from 2014 until mid-2016 and matched data for this phase indicates the same good
balance shown here.
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Unmatched Matched
Standardized . Standardized .
Difference variance Difference variance
Ratio (R) Ratio (R)
11 0.1 0.9 0.0 1.0
12 0.1 0.9 0.0 1.0

Table 7-4. SDG&E electric matched-comparison balance test

Unmatched \ Matched
Month Sta_ndardized Variance Sta_ndardized Variance
Difference Ratio (R) Difference it (2)
((®) ((®))

1 0.0 1.0 0.0 0.9
2 0.0 1.1 0.0 0.9
3 0.0 1.0 0.0 0.9
4 0.0 1.1 0.0 0.9
5 0.1 1.1 0.0 0.9
6 0.1 1.1 0.0 0.9
7 0.0 1.0 0.0 0.9
8 0.0 1.0 0.0 0.9
9 0.0 1.0 0.0 0.9
10 0.1 1.0 0.0 0.9
11 0.0 1.0 0.0 0.9
12 0.0 1.0 0.0 0.9

Table 7-5. SDG&E gas matched-comparison balance test

Unmatched Matched
Month Standardized Variance Standardized Variance
Difference Ratio Difference Ratio
((®) () ((®)) ()
1 0.0 0.9 0.0 1.0
2 0.0 1.0 0.0 1.0
3 0.0 1.0 0.0 1.0
4 0.0 1.0 0.0 1.0
5 0.0 1.0 0.0 1.0
6 0.1 1.1 0.0 1.0
7 0.1 1.1 0.0 1.0
8 0.1 1.1 0.0 1.0
9 0.1 1.1 0.0 1.0
10 0.1 1.1 0.0 1.0
11 0.0 0.9 0.0 0.9
12 0.0 0.9 0.0 0.9
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Table 7-6. PG&E electric matched-comparison balance test

Unmatched Matched
Month Sta_ndardized Variance Sta_ndardized Variance
Difference Ratio (R) Difference Ratio (R)
((®) ((®))

1 0.1 1.1 0.0 0.9
2 0.1 1.0 0.0 1.0
3 0.1 1.0 0.0 1.0
4 0.1 1.0 0.0 1.0
5 0.1 1.1 0.0 1.0
6 0.1 1.2 0.0 1.0
7 0.2 1.2 0.0 1.0
8 0.2 1.2 0.0 1.0
9 0.1 1.2 0.0 1.0
10 0.1 1.1 0.0 1.0
11 0.1 1.0 0.0 1.0
12 0.1 1.1 0.0 0.9

Table 7-7. PG&E gas matched-comparison balance test

Unmatched Matched

Month StDairf\fde a;':rl]i(z:sd Variance StDairf1fde a;g::(z:sd Variance

® Ratio (R) ® Ratio (R)
1 0.1 1.0 0.0 1.0
2 0.0 1.0 0.0 1.0
3 0.0 1.0 0.0 1.0
4 0.0 0.9 0.0 1.0
5 0.1 0.9 0.0 1.0
6 0.1 0.9 0.0 1.0
7 0.0 0.9 0.0 1.0
8 0.1 0.9 0.0 1.0
9 0.1 0.9 0.0 1.0
10 0.0 0.9 0.0 1.0
11 0.0 1.0 0.0 1.0
12 0.1 1.0 0.0 1.0

We also provide a visual demonstration of the condition of matches using plots of the mean monthly
normalized energy consumption of participant and matched comparison households in Figure 7-1. We
provide a plot of the distribution of six matched datasets in Figure 7-1 demonstrating that the participant
and comparison group households are well matched.

DNV GL Energy Insights USA, Inc. April 26, 2019 page 61



Figure 7-1. Distribution of matched-comparison households
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7.2 Appendix B: Additional impact results

Figure 7-2 and Figure 7-3 provide electric and gas savings components for SCE by household and year.

Figure 7-2 indicates that, except for 2017, PG&E’s per household electric results are primarily baseload
savings with a cooling consumption reduction of only 10% to 15% and no heating consumption reduction.

Figure 7-2. PG&E electric savings components over time
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Figure 7-3 illustrates that SCE electric savings are balanced, with about two-thirds of electric savings coming
from baseload reduction and one-third from cooling.

DNV GL Energy Insights USA, Inc. April 26, 2019 page 63



Figure 7-3. SCE electric savings components over time

SCE - 2014
300 93 277
250
200 173 12
-
= 150
2
100
50
0
& () (e} S
e&e\oﬁ -(\Q\'Oe (\Q\pa S i
% ‘e\e XN 00\\ {b\
Increase M Decrease B Total
SCE - 2016
250 77
200
173
150 -12
i -
2
100
50
0
& & & S
ee\oﬁ q\’oa C)\’oa a‘f‘(\q
R o e 2
\)@'& o -(0"

Increase M Decrease M Total

SCE - 2015

300
81 261
250

200 184

150

kWh

100

50

Increase M Decrease B Total

SCE - 2017
300

250

200 60 187

kWh

150
118 9
100

50

Increase M Decrease M Total

Figure 7-4 indicates that SDG&E’s electric savings per household over the four years is split between

baseload and heating load reductions, except in 2017 where savings are primarily achieved in the baseload

component.
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Figure 7-4. SDG&E electric savings components over time
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Figure 7-5 presents PG&E’s gas savings components for 2014 through 2017. Except for 2015, PG&E’s
savings are almost entirely due to baseload reductions but also included heating savings.
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Figure 7-5. PG&E gas savings components over time
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Figure 7-6 shows that the savings components for SCG from 2014 through 2017 are relatively consistent.
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Figure 7-6. SCG gas savings components over time
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Figure 7-7. SDG&E gas savings components over time
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Figure 7-8. Electric per household savings components by housing type
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Figure 7-9. Gas per household savings components by housing type
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7.3 Appendix C: kWh to kW conversion Factors

Table 7-3 lists the current kWh to kW ESA kWh to kW conversion factors used by PG&E, SCG, and SDG&E.
We have highlighted the PG&E’s LED measures in red because we believe they are too high and may be
incorrect.

Table 7-8. PG&E kwWh to kW conversion factors

Measure Category Conversion Factor

Interior Hard-wired LED fixtures
Low Flow Shower Head

New - LED A-Lamps

Air Sealing/Envelope 0.00019
Central A/C Tune-up 0.00018
Compact Fluorescent Lights (CFL) 0.00013
Duct Testing and Sealing 0.00016
Evaporative Coolers (Replacement) 0.00032
Exterior Hard-wired CFL fixtures 0.00013
Exterior Hard-wired LED fixtures 0.0008
Faucet Aerator 0.0002
HE Clothes washer 0.00018
Interior Hard wired CFL Fixtures 0.00013

New - Smart Power Strips - Tier 2 0.00014
Refrigerators 0.00014
Room A/C Replacement 0.00018
Smart Power Strips - Tier 1 0.00014
Thermostatic Shower Valve 0.00022
Torchiere (CFL) 0.00013

Torchiere LED 0.0018

Vacancy Sensor 0.00013
Water Heater Blanket 0.00022
Water Heater Pipe 0.00017
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Table 7-9. SCE kWh to kW conversion factors

Measure Category Conversion Factor

Air Sealing/Envelope 0.00012
Central A/C Replacement 0.00015
Compact Fluorescent Lights (CFL) 0.00013
Duct Testing and Sealing 0.00016
Evaporative Cooler (Installation) 0.00015
Exterior Hard wired CFL fixture 0.00013
Exterior Hard-wired LED fixture 0.00011
Faucet Aerators 0.00012
Heat Pump Replacement 0.00045
LED Reflector Lamp 0.00011
Low Flow Shower Head 0.00012
New - LED A-Lamps 0.00011
New - Smart Power Strips - Tier 2 0.00014
Pool Pumps 0.00031
Refrigerators 0.00012
Room A/C Replacement 0.00015
Smart Power Strip - Tier 1 0.00014
Torchiere 0.00013
Torchiere - LED 0.00011
Water Heater Blanket 0.00012
Water Heater Pipe Insulation 0.00012
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Table 7-10. SDG&E kWh to kW conversion factors

Measure Category Conversion Factor

Air Sealing 0.00021
Attic Insulation 0.00019
Central A/C Tune-up 0.00019
Compact Fluorescent Lights (CFLs) 0.00012
Duct Testing and Sealing 0.00021
Exterior Hard wired CFL fixtures 0.00007
Faucet Aerator 0.00014
High Efficiency Clothes Washer 0.00013
Interior Hard wired CFL fixtures 0.00007
LED Night Lights 0.00009
Low Flow Showerhead 0.00014
Microwaves 0.0002

New - LED Diffuse Bulb (60W

Replacement) 0.00012
New - LED Reflector Bulb 0.00012
New - Smart Power Strips - Tier 2 0.00014
Refrigerators 0.00012
Room A/C Replacement 0.00019
Smart Strip 0.00014
Thermostatic Shower Valve 0.00012
Torchiere 0.00012
Water Heater Blanket 0.00013
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7.4 Appendix D: Research plan for ESA impact evaluation

The final ESA Low-Income Impact Evaluation Research Plan, publicly posted on September 28, 2017, is a
pdf attachment with the following file name.

[For
i

ESA Impact Eval
Research Plan.pdf
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7.5 Appendix E: IESR table

Study ID

Study Type

Study Title

Study Manager

Impact Evaluation

Energy Savings Assistance
(ESA) Program
Impact Evaluation Program
years 2015—-2017

SoCalGas

Recommendation

Program

Database

or

Summary of

Findings

Additional
Supporting
Information

We Practice /
Recommendations

Recommendation
Recipient

ESA

The ex ante
savings
assumptions for
ESA program
years 2015-2017
were higher than
the achieved
savings found in
this impact
evaluation.

ESA

ESA Program
planners should use
the results of this
impact evaluation to
develop new ex ante
savings assumptions
for measures that
roll up to reasonable
household level
savings.

All 10Us

ESA program
planners should fully
account for potential
consumption-
increase
assumptions for
measures that are
installed for non-
energy related
benefits. This would
include, for
instance, flagging
fixes to heating or
cooling units where
the unit was not
working or not used
prior to the visit.
This will segregate
off installations that
increased
consumption and
improve overall
program savings
projections.

All 10Us
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Program

Recommendation or
Database

3 ESA

4 ESA

Summary of
Findings

The evaluation
team
encountered
challenges
cleaning the ESA
program tracking
data and ensuring
that the tracking
data aligns with
CPUC reported
values. Verifying
the accuracy of
the tracking data
will improve
future analyses.
The verification
should confirm
that the tracking
data matches
what the 10Us
report to the
CPUC.

Additional
Supporting
Information

We Practice /
Recommendations

All relevant
identifiers in the
program tracking
fields should be
standardized such
that information
readily rolls up to
program totals and
matches the values
reported to the
CPUC.

Recommendation
Recipient

All 10Us

Program definitions
and requirements
should be aligned
with billing
information.

All 10Us
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Program
Recommendation or
Database

Summary of
Findings

Additional
Supporting
Information

We Practice /
Recommendations

Recommendation
Recipient

5 ESA The method used Future evaluations All 10Us
is an ideal should replicate the
method for future two-stage analysis
evaluations to approach followed
ensure consistent here and expand the
analysis methods billing analysis from
across evaluation monthly
timeframes. consumption data to
There are several daily data using the
research available AMI data.
questions that AMI data will
could be improve the quality
addressed in of weather-
future evaluations normalization in the
by using AMI data first stage modeling
and conducting a reducing variability
process and improving the
evaluation that quality of results in
could potentially the second-stage
yield useful model. Any new
information that methods or
informs the approaches
implementation proposed for future
of ESA programs evaluations should
in the future be required to

replicate results
using this approach
and demonstrate
the relation to and
improvements
relative to the
current approach

6 ESA Future impact All 10Us

evaluations should
include a process
evaluation of
program delivery
mechanisms to
inform future impact
evaluations.
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7.6 Appendix F: DNV GL’s responses to comments

The following table provides DNV GL’s responses to specific comments.

Comment Response

Comment | Would it be possible for the evaluation team to include an appendix with Added as an Appendix
from Carol | recommendations presented using the table from the CPUC Energy Division Impact
Yin Evaluation Standard Reporting Guidelines? Thank you!

https://pda.energydataweb.com/api/downloads/1399/1ESR_Guidelines_Memo_FINAL
_11_30_2015.pdf

Comment | Would it be possible to present Figure 5-1, 5-3, 5-9 and 5-10 in the report as savings | Thank you for the comment, we have added Figure 5-2 and 5-11
from per household as % of total household consumption? For example, on Figure 5-1, to the report.

Jason PG&E in 2015 saved 125 kWh per household. But what % of total household
Symonds consumption is that 125 kWh? These percentages will allow a comparison of
household energy savings (kWh and therms) across years and 10Us. Thank you for
your time and effort on this report and being responsive to this request.

DNV GL Energy Insights USA, Inc. April 26, 2019 page 78



Comment Response

Comment
from
GreenFan,
Inc

Please see the attached PDF document for all of my comments. The primary
conclusion of the ESA Evaluation states that “Ex-ante savings assumptions were
higher than achieved savings, with some measures leading to an increase in
consumption.” This conclusion is incorrect due to the reasons provided in my
comments. The AC Tune-up (ACT) and Smart Fan Control (SFC) measures cannot
“lead to an increase in consumption” because these measures increase cooling and/or
heating capacity and thermal comfort, extend off-cycle time, and reduce HVAC energy
use. Therefore, the ESA Evaluation study should be revised to include at least two
explanations regarding the increase in energy consumption for HVAC measures: 1)
customer “take back” due to repair of HVAC systems that would cause cooling and
heating energy use to increase, and 2) issues with billing regression methodology
being unable to accurately measure HVAC energy savings due to issues with data
cleaning, selecting appropriate comparison groups, model specification, model
validation, and savings being too small relative to whole building electricity and gas
consumption (i.e., signal-to-noise ratio issues).

Response to GreenFan, Inc. and Mowris:

The following comments respond to these parallel comments. We
thank you for your comments and hear your concerns regarding
“AC Tune-up” and “Smart Fan Delay.” We have not included the
requested changes to the report conclusions. The report is clear
with respect to the purpose of the measure-level estimates.

The report is clear on the methods with which the measure-level
parameters are estimated. A billing analysis was used to produce
site-level estimates for the ESA program. At 2-4% of overall
consumption, this is low by IPMVP standards, but IPMVP does
not expect populations in the multiple tens of thousands. We
provide measure-level results at the request of the 10Us, with
consistent acknowledgement that these estimates are not
definitive, but provide a rough idea how measures contribute to
an overall change in consumption. Additionally, the AC Tune-up
results reported in Figure 5-6 are positive, not negative.

We acknowledge in the report that certain measures may include
the effects of take-back in the estimates. The report reports the
average change in consumption associated with specific
measures and acknowledges that other non-energy benefits may
justify those measures. We have recommended that non-
working measures be flagged so that this take-back effect can
be disentangled. If we had any evidence that the concerns
discussed in Section 6.2 had an effect on measure-level results,
we would have acknowledged this.

Concerns regarding the effect of CARE subsidies do not seem
relevant under the circumstances. Both the ESA participants and
the comparison group were drawn from the CARE population
producing no conflating effect in a difference in difference
structure. To the contrary, the increased consumption levels, in
general, that we would expect across the CARE population given
the discounted cost of energy would tend to increase the
magnitude of savings to the extent that they occurred.

The general comments regarding the value of a billing analysis
approach, and the requested textual changes, do not take into
consideration a full reading of the report. The discussion of
measure-level results contains clear language relating to the
potential shortcomings of the measure-level results. The
requested changes could not be made without making
fundamental changes throughout the report that we do not
believe are justified by the arguments in these comments.
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Comment Response

Comment The primary conclusion of the ESA Evaluation states that “Ex ante savings See above comment response
from assumptions were higher than achieved savings, with some measures leading to an

Robert increase in consumption.” This conclusion is incorrect due to reasons provided in the

Mowris comments. The Smart Fan Delay (“SFD”) measure cannot “lead to an increase in

consumption,” because the SFD does not affect the thermostat setpoint or the
thermostat call for cooling duration; and for 93% of gas furnaces, the SFD will
decrease the thermostat call for heating duration by satisfying the thermostat sooner.
The SFD measure increases cooling capacity, heating capacity, thermal comfort,
extends off-cycle time, and reduces HVAC energy use. Therefore, the ESA Evaluation
study should be revised to include an explanation regarding negative savings for the
SFD measure to indicate that the billing regression methodology is unable to
accurately measure HVAC energy savings because of issues with the baseline (due to
repairs and customer “take-back’™) and savings are too small relative to whole
building electricity and gas consumption (i.e., small signal-to-noise ratio). Please
remove the bar labeled “Smart Fan Delay” from Figure 5-6 (p. 46), Figure 5-7 (p.
47), and Figure 5-14 (p. 53). Please see the attached PDF file.

Comments | We appreciate the consideration that the evaluation has paid to highlighting the need Thank you for your comment. Your points are noted. The

from to ensure that ex-ante savings assumptions for the upcoming ESA applications are conclusions and recommendations were updated to reflect these
NRDC appropriate. Upon examination, we agree that the evaluation methodology is accurate | comments.

and is designed to primarily get an estimate of measure of savings at the household

level.

We are concerned, however, that the conversation to this point about the low
achieved savings relative to ex ante savings assumptions has seemed to preemptively
conclude that this was a result of program planning assumptions being too high—
without a discussion about what other factors might be responsible (including
program design and implementation). Achieved savings are a function of ex-ante
assumptions, program design, and implementation practices, and a full examination
and discussion of all of these factors is a critical prerequisite before concluding that
program planning assumptions were too high. Accordingly, “Recommendation 1”
should be examined for embedded premature conclusions about how new ex ante
savings assumptions for measures should “roll up to reasonable household level
savings,” and any future proposal to lower the new ex ante savings assumptions
without careful and comprehensive consideration should be scrutinized.

The evaluation correctly identifies that more research is required to understand the
program implementation process (i.e., a process evaluation). Without the
recommended process evaluation, it is impossible to understand why ex-ante savings
weren’t achieved and the level of accuracy of ex-ante estimates. Future evaluations
should better investigate why ex-ante savings weren’t realized; this can be done
through a thorough process evaluation and targeted site visits to understand how the
implemented measures are performing. Any update to ex-ante savings

assumptions for the upcoming ESA applications should carefully consider these future
evaluations as well as the limits of the impact evaluation findings.
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Comment Response

OpenEE The use of billing regression analysis for the impact evaluations of the ESA programs Thank you for the comment
is an appropriate approach for evaluating success. However, the savings claims for
ESA could also be based on a method that is transparent, repeatable, and consistent
with the approaches being used for the impact evaluation. Meter-based efficiency
savings claims could reduce the variability in the ex ante and ex post results; and
provide actionable intelligence on program performance to optimize interventions.
Meter-based quantification could also be the basis for paying contractors for
successful engagements with customers to reduce energy consumption, without
having to design elaborate schemes for incentivizing specific measures (but can still
track which combinations of measures are being installed). ESA program planners can
use the more reliable whole building impact results to target low income customers
with a propensity to save rather than spending time on new ex ante savings
assumptions for measure-level results that were not as reliable. We recommend that
the CPUC and I10Us adopt embedded measurement and verification as a principle for
program design. Programs should be designed and implemented with the end goal of
achieving whole building impacts for the portfolio of interventions. Regression (billing
or hourly) analysis embedded in the programs should be consistent and transparent.
CalTRACK is a standardized approach currently being used in residential applications
in California (www.caltrack.org). AMI data, and the CalTRACK hourly methods, can be
part of the embedded M&V expectations to quantify and value the load impacts of
these programs and enable them to contribute to grid needs as a resource and
support statewide goals. Respectfully submitted, Carmen Best, OpenEE
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7.7 Appendix G: PDF comments
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GreenFan® Inc.

6125 Bear Claw Lane, Bozeman, MT 59715 ¢ john@greenfan.co ¢ 406-570-9494

Date: April 12,2019
From: John Walsh, EE, President

Re:  Comments on the ESA Program Impact Evaluation Program Years 2015-2017 managed
by Southern California Gas Company

To:  Loan Nguyen, Southern California Gas Company, LNguyen@semprautilities.com

Please consider the following comments regarding the Energy Savings Assistance (ESA)
Program Impact Evaluation Program years 2015-2017 (“ESA Evaluation”). The ESA
Evaluation mistakenly provides negative savings for the PG&E “Smart Fan Delay” (SFD)
measure installed. See Figures 5-6 and 5-7 (pp.46-47) and Figure 5-14 (p.53).! The SFD measure
improves HVAC efficiency and saves energy by detecting HVAC system type and mode of
operation based on signals present on the thermostat or equipment terminals and provides an
energy efficient variable fan-off time delay based on HVAC system type, mode of operation, and
duration of the cooling or heating cycle. The EFC® delivers more sensible cooling or heating
capacity to the space by exceeding standard thermostat setpoint differential temperatures,
lengthen off-cycle durations, improve thermal comfort, and heating on-cycle durations. For some
gas furnace systems, the EFC® provides high speed fan operation to satisfy the thermostat
heating differential sooner. The EFC® can be installed on systems with a fixed fan-off time
delay for cooling or heating or pre-existing cooling-only enhanced time delay and is cost
effective for most prototypes and climate zones. The Smart EFC™ provides common wire
functionality and reliable power for Smart Communicating Thermostats plus energy savings
technology embodied in the EFC®.

The SFD does not affect the amount of energy required to cool a space and actually reduces the
energy required to heat a space for about 93% of gas furnace heating systems.> When operating
with a gas furnace, the SFD operates the fan at higher speed during the heating cycle (after HX
reaches operating temperature) to satisfy the thermostat sooner and reduce gas furnace operation.
The SFD adds fan-only time after the cooling or heating cycle based on the duration of the cycle
which uses a percentage of the energy consumed while the heating or cooling cycle is performed.
The SFD also adjusts the variable fan-off delay based on Fault Detection Diagnostics (FDD) of
low cooling or heating capacity (low charge, dirty air filters, etc.) and severe weather. The SFD
causes the thermostat to undershoot the setpoint for cooling and overshoot the thermostat set
point for heating. This overshoot/undershoot causes the room temperature to take longer to drift
back to the point where the thermostat calls for another heating or cooling cycle. For cooling,
the SFD uses about 6.6% more electricity for the variable fan-off delay (based on 10 minute
average AC operation); and delivers more cooling capacity, over satisfies the thermostat setpoint,

"' The SFD is a patented product manufactured by GreenFan® Inc. sold under the trademarked name Efficient Fan
Controller® (EFC®) with U.S. Patents 8,763,920, 9,328,933, 9,500,386, 9,671,125, 9,797,405, and 9,995,493.

2 Market research based on 5,582 gas furnace units installed in California indicates that 6.7% of heating fans are not
enabled to high speed fan operation by the SFD (pp. 26-29, R. Mowris, P. Jacobs. 2016. EFC workpaper Work
Paper EFC173PHVC138).



and saves energy by lengthening the AC compressor off-cycle duration. For heating, the SFD
uses about 31% more electricity for high-speed fan operation and variable fan-off delays
(weighted average).? For all heating systems, the SFD variable fan-off delay delivers more
heating capacity at the end of the cycle to over satisfy the thermostat setpoint and saves energy
by increasing the gas furnace off-cycle time. The ex ante SFD weighted average extra fan energy
is 17.6 kWh/year for gas furnace heating. The ex ante SFD weighted average cooling savings are
115.8 kWh/year. Therefore, the net ex ante SFD weighted average electricity savings are 98.2
kWh/year (115.8 — 17.6 = 98.2 kWh/y). Net ex ante savings are based on California housing
stock data, Intertek test data, and calibrated DOE2 simulations of SFM, MFM and DMO
prototypes using DEER 2017 eQUEST version 3.65.* The SFD does not affect the thermostat
setpoint or the thermostat call for cooling duration; and for 93% of units, the SFD will decrease
the thermostat call for heating duration by satisfying the thermostat sooner. Therefore, the SFD
cannot lead to an increase in cooling electricity or natural gas consumption.

The SFD automatically detects the type of system to which it is attached and not only saves gas
in furnaces, but also electricity in heat pumps, hydronic, and electric heating systems. These
additional savings have not been evaluated in this report. Southern California Gas Company and
DNVGL risk liabilities using billing analysis to evaluate HVAC measures in the ESA program
due to repairs that are made to AC units which creates issues when determining baseline
consumption. Furthermore, the IPMVP and other studies point out issues with billing analysis
methodologies to evaluate energy efficiency measures when savings are less than 10% of whole
building consumption.® This is particularly troubling when the ESA Evaluation billing analysis
methodology does not yield results consistent with independently verified tests performed by
Intertek, an ASHRI-certified testing laboratory (http://www.intertek.com/testing/). Intertek tests

3 Ibid. 31% extra fan energy based on Intertek and field tests of fan power for split-system and packaged gas
furnaces and weighted average of 92.3% enabled to high speed, 6.7% enabled to low speed, 69.3% base 90-second
or less fixed fan-off delay, and 30.7% base 120 second or greater fixed fan-off delay.

4 Intertek tests indicate savings of 3.8 to 32% depending on cooling cycle duration and heating savings of 5 to 30.1%
depending on heating cycle duration. See Mowris, R. Jacobs, P. 2016. Efficient Fan Controller® (EFC®) for
Residential HVAC Systems. Work Paper EFC173PHVC138. Prepared by Verified® Inc. and Building Metrics Inc..
Intertek. 2015. Performance Evaluation Based on Intertek Test Data of the GreenFan EFC Installed on Split and
Packaged Air Conditioners with gas Furnaces. 101756555DAL-001B. Intertek. 2018. Performance Evaluation
Based on Intertek Test Data of the GreenFan EFC Installed on Heat Pump and Hydronic Split Systems.
102791047DAL-001A. California housing stock: 65% single family, 31% multifamily, and 4% mobile home. See
page 15, Figure 1.10: California Housing Stock by Type, 2010-2014 Average: Multifamily, Single-Family, and
Mobile/Manufactured Homes/Other. California Department of Housing and Community Development. 2017.
California's Housing Future: Challenges and Opportunities Public Draft. http://www.hcd.ca.gov/policy-
research/plans-reports/docs/California%27s-Housing-Future-Main-Document-Draft.pdf (Available on request)

5 See IPMVP. 2002. International Performance Measurement & Verification Protocol Concepts and Options for
Determining Energy and Water Savings, Volume I, Revised March 2002, DOE/GO-102002-1554 (p. 27 of
31505.pdf) at https://www.nrel.gov/docs/fy020sti/31505.pdf. IPMVP Option C “is intended for projects where
savings are expected to be large enough to be discernible from the random or unexplained energy variations that are
normally found at the level of the whole facility meter. The larger the saving, or the smaller the unexplained
variations in the baseyear, the easier it will be to identify savings. Also the longer the period of savings analysis after
ECM installation, the less significant is the impact of short term unexplained variations. Typically savings should be
more than 10% of the baseyear energy use if they are to be separated from the noise in baseyear data.”

Also see E. Ziemba et al. 2017. Cleaning Up the Mess of Energy Billing Data: An investigation of Differences in
Billing Analysis Results Caused by Data Cleaning Methodologies. Opinion Dynamics, Boston, MA. 2017
International Energy Program Evaluation Conference, Baltimore, MD. https://www.opiniondynamics.com/wp-
content/uploads/2017/08/2017 IEPEC Paper Cleaning-up-the-mess-of-billing-data Ziemba.pdf
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http://www.hcd.ca.gov/policy-research/plans-reports/docs/California%27s-Housing-Future-Main-Document-Draft.pdf
http://www.hcd.ca.gov/policy-research/plans-reports/docs/California%27s-Housing-Future-Main-Document-Draft.pdf
https://www.nrel.gov/docs/fy02osti/31505.pdf
https://www.nrel.gov/docs/fy02osti/31505.pdf

of the SFD technology indicate cooling savings of 3.8 to 32% depending on cooling cycle
duration and heating savings of 5 to 30.1% depending on heating cycle duration.® Publishing
incorrect evaluation results of the SFD technology might cause a setback of several years or
decades and deprive ratepayers of a cost effective HVAC energy efficiency measure that saves
both electricity and natural gas.

The SFD technology cannot cause negative energy savings because the SFD increases cooling
and/or heating capacity and thermal comfort, extends the off-cycle time, and reduces HVAC
energy use. Therefore, the ESA Evaluation study should be revised to include an explanation
regarding negative savings for the SFD measure to indicate that the billing regression
methodology is unable to accurately measure HVAC energy savings because of issues with the
baseline (due to repairs and customer “take-back’) and savings are too small relative to whole
building electricity and gas consumption (i.e., small signal-to-noise ratio).

The following revisions are recommended prior to finalizing the ESA Evaluation.
Section 1.6 (p. 7) Conclusions and Recommendations should be revised as follows.

Please Replace: “1. Ex ante savings assumptions were higher than achieved savings, with some
measures leading to an increase in consumption. ESA program planners should use the impact
results to develop new ex ante savings assumptions.”

With: “1. Ex ante savings assumptions were higher than achieved savings, with some measures
leadingte appearing to cause an increase in consumption due to HVAC repairs which cause
issues for the baseline using billing analysis methodologies. Future evaluations should use a
different M&V strategy such as calibrated simulation modeling to provide more accurate results
for HVAC measures. ESA program planners should use-the-impaetresultste develop new ex
ante savings assumptions using workpapers that provide all key assumptions including Measure
Analysis Software Control (MASControl2) to generate calibrated building energy simulation
prototypes and post processing procedures to provide a more appropriate and accurate evaluation

methodology.”

Please Replace: “3. The evaluation methodology produced consistent year-over-year results at
the household level.” Future Evaluations should use daily AMI consumption data for more
robust results.”

With: “3. The evaluation methodology produced consistent year-over-year results at the
household level but not at the measure level specifically for HVAC measures.” Future
Evaluations should use daily AMI consumption data for more robust results and a different
M&V strategy such as calibrated simulation modeling to provide more accurate results for
HVAC measures.”

¢ Intertek. 2015. Performance Evaluation Based on Intertek Test Data of the GreenFan EFC Installed on Split and
Packaged Air Conditioners with gas Furnaces. 101756555DAL-001B. Intertek. 2018. Performance Evaluation
Based on Intertek Test Data of the GreenFan EFC Installed on Heat Pump and Hydronic Split Systems.
102791047DAL-001A.



Please Replace: “4. There are limits to the answers that a billing analysis can provide for how
program delivery affects (sic) savings. Future Evaluations should include a process evaluation to
better research how program delivery is linked to impacts.”

With: “4. There are limits to the answers that a billing analysis can provide for how program
delivery effeets affects savings. Future Evaluations should include a process evaluation to better
research how program delivery is linked to impacts. Billing analysis cannot be used to evaluate
HVAC measures due to issues with data cleaning, selecting appropriate comparison groups,
model specification, model validation, and savings being too small relative to whole building
electricity and gas consumption (i.€., signal-to-noise ratio issues), making billing analysis
especially problematic. A different M&V strategy such as calibrated simulation modeling will
provide more accurate results for HVAC measures.”

Please remove the bar labeled “Smart Fan Delay” from Figure 5-6 (p. 46), Figure 5-7 (p.
47), and Figure 5-14 (p. 53).

In summary, I believe the SFD is an innovative cooling and heating energy efficiency technology
that provides cost effective savings for HVAC, specifically cooling and gas heating savings.
Therefore, I believe the SFD should be given a fair evaluation using correct methodologies to
avoid inadvertent errors that might cause lost opportunities for cost effective electric cooling and
gas heating savings.

Thank you for considering these comments and recommended changes to the ESA Evaluation.
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TO: Loan Nguyen, Southern California Gas Company

FROM: Mohit Chhabra, Miles Muller; Natural Resources Defense Council
DATE: April 12, 2019

RE: Comments on 2015-2017 ESA Impact Evaluation Study

We appreciate the consideration that the evaluation has paid to highlighting the need to
ensure that ex-ante savings assumptions for the upcoming ESA applications are appropriate.
Upon examination, we agree that the evaluation methodology is accurate and is designed to
primarily get an estimate of measure of savings at the household level.

We are concerned, however, that the conversation to this point about the low achieved
savings relative to ex ante savings assumptions has seemed to preemptively conclude that this
was a result of program planning assumptions being too high—without a discussion about what
other factors might be responsible (including program design and implementation). Achieved
savings are a function of ex-ante assumptions, program design, and implementation practices,
and a full examination and discussion of all of these factors is a critical prerequisite before
concluding that program planning assumptions were too high. Accordingly, “Recommendation
17 should be examined for embedded premature conclusions about how new ex ante savings
assumptions for measures should “roll up to reasonable household level savings,” and any future
proposal to lower the new ex ante savings assumptions without careful and comprehensive
consideration should be scrutinized.

The evaluation correctly identifies that more research is required to understand the
program implementation process (i.e., a process evaluation). Without the recommended process
evaluation, it is impossible to understand why ex-ante savings weren’t achieved and the level of
accuracy of ex-ante estimates. Future evaluations should better investigate why ex-ante savings
weren’t realized; this can be done through a thorough process evaluation and targeted site visits

to understand how the implemented measures are performing. Any update to ex-ante savings
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assumptions for the upcoming ESA applications should carefully consider these future

evaluations as well as the limits of the impact evaluation findings.

Sincerely,

Mohit Chhabra

Senior Scientist

Natural Resources Defense Council
111 Sutter St., 21st Floor

San Francisco, CA 94104

(415) 875-6100
mchhabra@nrdc.org

Wile Pl

Miles Muller

Clean Energy Legal Fellow
Natural Resources Defense Council
111 Sutter St., 21st Floor

San Francisco, CA 94104

(415) 875-8254

mmuller@nrdc.org
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VERIFIED® INC.

P.O. Box 2159, Olympic Valley, CA 96146 ¢ robert@verified.co ¢ 530-448-6249

Date: April 11, 2019 (revised 04-13-19)
From: Robert Mowris, P.E., VERIFIED® Inc.
Re:  Comments on the ESA Program Impact Evaluation Program Y ears 2015-2017

To:  Loan Nguyen, Southern California Gas Company, L Nguyen@semprautilities.com

Please consider the following comments regarding the Energy Savings Assistance (ESA) Program
Impact Evaluation Program years 2015-2017 (“ESA Evaluation”). The ESA Evaluation mistakenly
provides negative savings for PG& E measures “AC Tune-up” (ACT) and “ Smart Fan Delay” (SFD)
installed by PG& E. See Figures 5-6 and 5-7 (pp.46-47) and Figure 5-15 (p.53).The ESA Evaluation
uses a billing analysis methodol ogy, but does not fully explain how the ACT or SFD measures were
evaluated (i.e., regression coefficients, selecting appropriate comparison groups, model
specification and validation, etc.). The following citation from the International Performance
Measurement & Verification Protocol (IPMVP), indicates that billing analysis methodol ogies
referred to as “Option C” should not be used to evaluate individual measures unless energy savings
are greater than 10% of total kWh or total therm billing data for a given site.

Option C “isintended for projects where savings are expected to be large enough to be
discernible from the random or unexplained energy variations that are normally found at the
level of the whole facility meter. The larger the saving, or the smaller the unexplained
variations in the baseyear, the easier it will be to identify savings. Also the longer the period
of savings analysis after ECM installation, the less significant is the impact of short term
unexplained variations. Typically savings should be more than 10% of the baseyear energy
useif they are to be separated from the noise in baseyear data.”

A report published by Ziemba in the 2017 International Energy Program Evaluation Conference
(IEPEC) discusses the following important “core elements to billing analysis approaches — 1) data
cleaning and preparation, 2) selecting a comparison group, and 3) model specification and
validation,” and the “influence of data cleaning and preparation related to billing analysis results,
specifically the influence related to aligning billing periods.”? Section 6.2 of the ESA Evaluation (p.
58) indicates the “eval uation team encountered challenges cleaning the ESA program tracking data
and ensuring that the tracking data aligns with CPUC reported values’ and issues “ verifying the
accuracy of the tracking data.”

ESA low income participants receive a 30 to 35% discount on their bill through the CARE program
(http://www.cpuc.ca.gov/general .aspx?d=976) which is another reason why it is difficult to

! See IPMVP. 2002. International Performance Measurement & Verification Protocol Concepts and Options for
Determining Energy and Water Savings, Volume |, Revised March 2002, DOE/GO-102002-1554 (p. 27 of 31505.pdf)
at https.//www.nrel .gov/docs/fy020sti/31505.pdf.

2E. Ziembaet al. 2017. Cleaning Up the Mess of Energy Billing Data: An investigation of Differencesin Billing
Analysis Results Caused by Data Cleaning Methodologies. 2017 |EPEC. https://www.opiniondynamics.com/wp-
content/uploads/2017/08/2017 |EPEC Paper_Cleaning-up-the-mess-of-hilling-data_Ziemba.pdf
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establish a correct counterfactual baseline. So there are three reasons why the HVAC measures
appear to cause an increase in consumption: 1) small savings less than 10% causing signal-to-noise
issues; 2) HVAC repairs causing issues with establishing correct counterfactual baselines; and 3)
30-35% hill subsidies causing “take back” which tends to increase ex post consumption. These
issues cause significant uncertainty with respect to ESA Evaluation results for HVAC measures
including the ACT and SFD measures.

The ACT measure ex ante savings represent about 9.4% of total Air Conditioning (AC) electricity
(kWh) based on the 2015-17 ESA program average refrigerant charge adjustment of 7.3% (based on
datafor 24,215 AC units) and independent tests performed by Intertek, an AHRI-certified
laboratory.® AC represents only 7% of total electric usage per Table ES-1 (p. 3) of the 2010 KEMA
RASS Study.* Therefore, the ACT measure savings are 0.66% of the total electric bill (i.e., 0.66% =
7% * 9.4%). According to IPMVP, ACT cooling savings of 0.66% are too small “to be separated
from the noise in baseyear data” using billing analysis.

The SFD measure ex ante savings are 9.5 to 13.3% of AC electricity (kWh) based on Intertek test
data and calibrated DOE2 simulations of SFM, MFM and DM O prototypes using DEER 2017
eQUEST version 3.65 http://www.deeresources.com/.> However, AC isonly 7% of the total electric
usage per Table ES-1 (p. 3) of the 2010 KEMA RASS Study electric. Therefore, the SFD measure
cooling savings are 0.7 to 0.9% of the total electric bill. The SFD measure also saves 13.3 to 15% of
gas furnace heating (therms) based on Intertek test data and calibrated DOE2 simulations of SFM,
MFM and DMO prototypes. Gas heating is only 37% of total gas usage per Table ES-6 (p. 9) of the
2010 KEMA RASS Study €electric. Therefore, the SFD measure heating savings are only 4.9 to
5.6% of the total gas bill. According to IPMVP, SFD cooling savings of 0.7 to 0.9% and heating
savings of 4.9 to 5.6% are too small “to be separated from the noise in baseyear data” using billing

analysis.

Page 53 of the ESA Evaluation indicates that “HV AC measures produce negative savings.”
However, page 40 indicates that “ Sometimes there is enough of a heating or cooling signal to
include a heating and/or cooling slope in the model, but the overall model does not fit the data well”
(underline added). The ESA Evaluation was unable to accurately measure HVAC energy savings

3 Ex ante ACT savings of 9.42% are based on Intertek tests of average EER* impact due to -5 to -10% refrigerant
charge faults for non-TXV and TXV systems. R. Mowris et al. 2014. (pp. 7-9) R. Mowris et al. 2015. Laboratory
Measurements and Diagnostics of Residential HVAC Installation and Maintenance Faults. EEDAL ' 15 Conference.
https://e3p.jrc.ec.europa.eu/publications/proceedings-8th-internati onal -conf erence-energy-efficiency-domestic-
appliances-and-0. R. Mowris, E. Jones, R. Eshom, K. Carlson, J. Hill, P. Jacobs, J. Stoops. 2015. Laboratory Test
Results of Commercia Packaged HVAC Maintenance Faults. Prepared for the CPUC. Prepared by Robert Mowris &
Associates, Inc. (RMA). http://www.calmac.org/publicationss RMA L aboratory Test Report 2012-15 v3ES.pdf.

* Figure ES-1: Statewide Electricity Consumption per Household 6208 kWh where AC is 7% of total. Source: 2009
California Residential Appliance Saturation Study, Executive Summary, Prepared for California Energy Commission,
Prepared by KEMA, Inc., October 2010, CEC-200- 2010-004-ES. https.//www.energy.ca.gov/2010publications/ CEC-
200-2010-004/CEC-200-2010-004-ES.PDF

® Intertek tests indicate savings of 3.8 to 32% depending on cooling cycle duration and heating savings of 5 to 30.1%
depending on heating cycle duration. See Mowris, R. Jacobs, P. 2016. Efficient Fan Controller® (EFC®) for
Residential HVAC Systems. Work Paper EFC173PHV C138. Prepared by Verified® Inc. and Building Metrics Inc.
(Available on request). Intertek. 2015. Performance Evaluation Based on Intertek Test Data of the GreenFan EFC
Installed on Split and Packaged Air Conditioners with gas Furnaces. 101756555DAL-001B. Intertek. 2018.
Performance Evaluation Based on Intertek Test Data of the GreenFan EFC Installed on Heat Pump and Hydronic Split
Systems. 102791047DAL-001A.
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due to issues with data cleaning, selecting appropriate comparison groups, model specification and
validation, and savings being too small relative to whole building electricity and gas consumption
(i.e., signal-to-noise ratio issues).

The SFD measure is aways installed with the ACT measure, and the ACT measure includes repairs
performed by technicians that make HV AC systems operate properly where they did not operate
properly before repairs are made. Repairs include: tightening or replacing leaking refrigerant system
Schrader valves and replacing relays, capacitors, contactors, transformers, and/or thermostat
batteries. Repairs performed before installing ACT and SFD measures cause the following issues
regarding billing analysis (cited by Ziemba 2017): “1) data cleaning and preparation, 2) selecting a
comparison group, and 3) model specification and validation,” and 4) the “influence of data
cleaning and preparation related to billing analysis results.”

The ACT measure includes condenser coil cleaning, air filter replacements, and refrigerant charge
adjustments which improve cooling capacity by reducing AC compressor operation and AC
compressor power compared to dirty coils/filters and improper refrigerant charge. The SFD delivers
additional cooling and heating capacity to the conditioned space by providing a variable fan-off
delay based on the cooling or heating cycle duration and dynamically adjusts the variable fan-off
delay based on fault detection diagnostics of low cooling or heating capacity and severe weather.
For cooling the SFD variable fan-off delay uses about 6.6% more electricity than the baseline
(based on 10 minute average AC operation) to deliver additional cooling capacity, over satisfy the
thermostat setpoint differential, and save energy by lengthening the duration of the AC compressor
off cycle. For heating, the SFD uses about 31% more el ectricity for high-speed fan operation and
variable fan-off delays.® For about 93% of gas furnace heating systems, the SFD operates the fan at
a higher speed during the heating cycle to satisfy the thermostat sooner and reduce gas furnace
operation. For al heating systems, the SFD variable fan-off delay delivers additional heating
capacity at the end of the cycle to over satisfy the thermostat setpoint differential and save energy
by lengthening the duration of the gas furnace or heating system off cycle. The SFD does not affect
the thermostat setpoint or the duration of the thermostat call for cooling.

The repairs noted above cause customers to use HVAC systems more after the ESA ACT and SFD
measures are installed, and this "take back™ causes issues defining an appropriate baseline billing
period (Ziemba 2017). Using non-participant billing data as a baseline would a so cause issues since
non-participants would not have had their systems repaired. Furthermore, the HVAC savings are
small relative to whole building consumption, making billing analysis especially problematic for
AC Tune-up and Smart Fan Delay measures. A different M&V strategy such as calibrated
simulation modeling will provide more accurate results. The EFC workpaper (Mowris 2016) used
Measure Analysis Software Control (MASControl2) to generate calibrated building energy
simulation prototypes and post processing procedures which may provide a more appropriate and
accurate evaluation methodology. Building prototypes can be calibrated to the ESA post billing data
to appropriately evaluate PG& E ESA HVAC measures.

The primary conclusion of the ESA Evaluation states that “ Ex ante savings assumptions were
higher than achieved savings, with some measures leading to an increase in consumption.” This
conclusion isincorrect due to reasons provided in these comments. The ACT and SFD measures

® Market research indicates that 6.7% of heating fans are not enabled to high speed fan operation by the SFD.
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cannot “lead to an increase in consumption” because these measures increase cooling and/or heating
capacity and thermal comfort, extend off-cycle time, and reduce HVAC energy use. Therefore, the
ESA Evaluation study should be revised to include at least two explanations regarding the increase
in energy consumption for HVAC measures: 1) customer “take back” dueto repair of HVAC
systems that would cause cooling and heating energy use to increase, and 2) issues with billing
regression methodology being unable to accurately measure HV AC energy savings due to issues
with data cleaning, selecting appropriate comparison groups, model specification, model validation,
and savings being too small relative to whole building electricity and gas consumption (i.e., signal-
to-noise ratio issues).

The following revisions are recommended prior to finalizing the ESA Evaluation to improve the
study and avoid unintended negative consequences.

Section 1.6 (p. 7) Conclusions and Recommendations should also berevised asfollowswith the
suggested underlined text to eliminate or avoid errorsand omissions.

Please Replace: “1. Ex ante savings assumptions were higher than achieved savings, with some
measures leading to an increase in consumption. ESA program planners should use the impact
results to develop new ex ante savings assumptions.”

With: “1. Ex ante savings assumptions were higher than achieved savings, with some measures
leading-to appearing to cause an increase in consumption_ due to: 1) savings less than 10% causing
signal-to-noise issues; 2) HVAC repairs causing issues with establishing correct counterfactual
baselines; and 3) 30-35% low income customer bill subsidies through the CARE program
(http://www.cpuc.ca.gov/general .aspx?21d=976) causing “take back” which tends to increase ex post
consumption. These issues cause significant uncertainty with respect to establishing a correct
counterfactual baseline using billing analysis methodologies. Future evaluations should use a
different M& V strateqy such as calibrated simulation modeling to provide more accurate results for
HVAC measures. ESA program planners should use-the Hapaetresdttsto develop new ex ante
savings assumptions using workpapers that provide all key assumptions including Measure
Analysis Software Control (MASControl2) to generate calibrated building energy simulation
prototypes and post processing procedures to provide a more appropriate and accurate evaluation

methodology.”

Please Replace: “3. The evaluation methodology produced consistent year-over-year results at the
household level.” Future Evaluations should use daily AMI consumption data for more robust
results.”

With: “3. The evaluation methodology produced consistent year-over-year results at the household
level but not at the measure level specifically for HVAC measures.” Future Evaluations should use
daily AMI consumption data for more robust results and a different M& V strategy such as
calibrated simulation modeling to provide more accurate results for HV AC measures.”

Please Replace: “4. There are limits to the answers that a billing analysis can provide for how
program delivery affects (sic) savings. Future Evaluations should include a process evaluation to
better research how program delivery is linked to impacts.”
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With: “4. There are limits to the answers that a billing analysis can provide for how program
delivery effeets affects savings. Future Evaluations should include a process evaluation to better
research how program delivery islinked to impacts. Billing analysis cannot be used to evaluate
HV A C measures due to issues with data cleaning, selecting appropriate comparison groups, model
specification, model validation, and savings being too small relative to whole building el ectricity
and gas consumption (i.e., signal-to-noise ratio issues), making billing analysis especially
problematic. A different M&V strategy such as calibrated simulation modeling will provide more
accurate results for HV AC measures.”
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1 PROGRAM BACKGROUND

This document presents DNV GL’s proposed research plan for the impact evaluation of the 2015 through
2017 Energy Savings Assistance (ESA) Program?! administered by the California Investor Owned Utilities
(I0Us): Pacific Gas and Electric Company, Southern California Edison Company, San Diego Gas & Electric
Company, and Southern California Gas Company (collectively 10Us or Utilities). The California Public Utilities
Commission (CPUC) oversees the ESA Program as well as the California Alternate Rates for Energy (CARE)
Program, the CPUC’s two main low-income energy assistance programs.

The ESA Program provides qualified low-income residential customers with no-cost weatherization and
energy efficiency measures. Each 10U administers the ESA program within their own service territory. The
goals of the ESA programs are to conserve energy, reduce low income customer energy costs and to provide
non-energy benefits (NEB) such as improving health, comfort and safety. The ESA programs also provides
information and education to promote energy efficient practices in low-income communities.?

Over the last decade the CPUC and I0Us have made an aggressive push to expand the low-income
programs?, with a goal to have reached 100% of eligible households by 2020.4 The ESA programs are
available to all low-income 10U customers, both renters and home owners, provided they meet participation
requirements. Eligibility is determined by household size and income levels for customers at or below 200
percent of Federal Poverty Level® guidelines. For the ESA Program year 2017 the Three Measure Minimum
Rule (3MM), and the Go-Back Rule, which removes the “freeze” on re-treating households since 2002, were
eliminated and measure caps that would limit the number of measures deployed at a location were
removeds®.

The ESA programs are independently administered within each 10U service territory. Each 10U program
includes a wide range of CPUC approved measures; i.e. weatherization, appliance repair and replacement,
lighting and education. However, the mix of measures deployed and installed varies by each 10U. The mix of
measures installed and their associated savings claims can be found in Appendix C — ESA Program Savings
Claims Tables.

1.1 Program Savings Claims and Goals

The ESA program annual reports provide annual savings claims for each program year, a summary of ESA
savings claims for 2015 and 2016 is shown in Table 1 (annual savings estimates for program year 2017 are
not yet available). Complete savings claim tables, broken down by measure are included in Appendix C —
ESA Program Savings Claims Tables.

1 Analysis may also be conducted on the 2013-14 program participants to improve confidence in 2015-17 results, but they are not in the
reporting period for this study and results have no effect on previous final savings.

2 CPUC D.14-11-025.

3 CPUC D.01-05-033, D.01-08-065, D.05-10-044, D.06-12-036 and D.06-12- 038.

4 California Public Utilities Code Section 382(e)

5 U.S. Department of Health and Human Services (HHS) under the authority of 42 U.S.C. 9902(2)

6 D.16-11-022
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Table 1. ESA Proiram Savinis Claims and Treated Homes - PYs 2015-2016

Homes Treated 100,573 54,127 80,316 20,209 255,225
kWh (Annual) | 31,960,346 | 28,285,308 3,760,368 64,006,022
PY 2015
kW (Annual) 5,921 4,416 438 10,775
Therms (Annual) | 2,212,556 1,565,091 259,237 4,036,884
Homes Treated 74,319 41,070 69,811 19,792 204,992
kWh (Annual) | 26,463,569 | 27,408,976 3,446,861 57,319,406
PY 2016
kW (Annual) 5,346 4,408 405 10,159
Therms (Annual) | 1,561,652 1,152,700 249,582 2,963,934

In October 2015, it was discovered that the Aliso Canyon storage facility in Northern Los Angeles County
was leaking natural gas. The storage facility is owned and operated by SoCalGas. The leak was sealed in
February of 2016, but reliability concerns remained for natural gas resources in areas served by the storage
facility”. In response to the Aliso Canyon leak and an Emergency Proclamation from Governor Brown, the
Commission issued D.16-04-040, which required SoCalGas and SCE to take immediate action. These
actions include suspending administrative rules such as the 3MM Rule and the Go-Back Rule to facilitate
deeper energy savings in the geographic areas of Los Angeles County, Orange County and Ventura County.
Due to increased ESA program activity in areas affected by the Aliso Canyon leak, as well as the suspension
of the 3MM rule and the Go-Back rule8, the 10Us delivered a different level of engagement to ESA
participants in the surrounding areas versus what is delivered for other ESA participants.

In the most recent CPUC decision, energy division adopted an energy savings target informed by the prior
accomplishments of low income energy savings from the ESA Program. The PY2011 Energy Savings
Assistance Program Impact Evaluation Final Report® found that the ESA Program achieved an average
savings of electricity of: 6% for SDG&E, 5% PG&E, and 4% for SCE; the same report found average
household savings on natural gas: SDG&E 9%, PG&E 5%, SoCalGas 3%. The commission considered the
evaluation results, as well the potential available to low income populations, the impact of the Aliso Canyon
accident, and the water saving effects of energy efficiency when setting savings targets for program years
2015-2017. The Commission issued the following targets (Table 2) for ESA programs to take effect in
program year 2017 in D.16-11-022:

7D.16-11-022
8 D.16-11-022
9 Evergreen Economics, August 2013. PY2011 Energy Savings Assistance Program Impact Evaluation. Study ID: SDG0273.01
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Table 2. ESA Annual Program Portfolio Level Savings Targets
Utility Annual Utility Portfolio-Wide Annual Utility Portfolio-
Electric Savings Target (GWh) Wide Natural Gas Savings
Target (MM Therms)

PG&E 47.0 2.0
SCE 30.8 -

SDG&E 6.25 0.4
SoCalGas - 4.6

The targets for treated homes for program year 2017 (as well as program year 2018°) are also set in the
Commission decision A.14-11-007:

Table 3. Target number of treated homes for Program years 2017 and 2018
Program Year PG&E SCE SDG&E SoCalGas Total
2017 90,030 54,509 20,316 110,000 274,855
2018 90,030 54,509 20,316 110,000 274,855
2-Year Total 180,060 109,018 40,632 220,000 549,710

2 EVALUATION PLAN

DNV GL was awarded the impact evaluation of the ESA program in Q1 2016. DNV GL offered a proposal
designed to meet the requirements of the RFP and to address many of the challenges that have beset prior
evaluations. The 10Us requested a more “routinized” approach for the impact evaluation study, to provide
estimates for program planning and support for midstream program improvements. The study was also
expected to determine weather-adjusted gross energy and demand savings for each program cycle
disaggregated to 10U service area, fuel type, measure/measure group, climate zone, and housing type.
Finally, the study was also expected to examine program participation trends and provide insights into other
factors affecting energy use, including weather, measure mixes, building types, behavior, and differences
between home owners and renters.

This evaluation plan presents DNV GL’s approach to meeting the evaluation needs of the ESA program. The
plan addresses the three priorities for the ESA evaluation:
e A routinized process

e Development of consistent savings estimates over time
e Whole house and measure-level results

Given the delayed adoption of a final program decision authorizing the impact evaluation, which lead to
delays in contracting and data transfer, the evaluation is now focused on providing interim results to be
delivered by March 31, 2018, with a Phase 1 report in Q3 2018 and a final report in 2019. The scope of the
evaluation, as it pertains to these dates has evolved. For the interim deliverable in March, 2018, DNV GL is
committed to providing customer-level, site-level and measure-bundle level results based on monthly

10 Program year 2018 is not included in the scope of this evaluation.
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data.® In the subsequent year, DNV GL will use “as needed” funds to incorporate AMI data into the analysis
and test premise-level results as an alternative to customer-level results. These additional results will be

part of the final 2019 report.

2.1 Evaluation Goals and Objectives

The key research objectives of this impact evaluation and the corresponding project tasks are summarized

below (Table 4).

Table 4. Ke

research objectives

Develop a routinized and repeatable modeling

Standardized process for
data cleaning,
weatherization, and
modeling

Phase 1: March
2018 Deliverable

Determine the gross kWwh, kw2 and therm savings
associated with the ESA Program?3

Main regression analysis

Phase 1: March
2018 Deliverable

Phase 2: Final
Report

Test customer-premise vs premise-level analysis
approaches to determine preferred approach for
estimating ESA program savings estimates*.

Main regression analysis

As-needed tasks

Phase 2: Final
Report

Test measure-level and measure- bundle savings
expectations and provide alternate estimates, if required.

Measure-level and measure
bundle SAE models

Phase 1: March
2018 Deliverable

Phase 2: Final
Report

Address additional questions regarding program
redefinition for Aliso Canyon area.

Main regression analysis

As-needed tasks

Phase 2: Final
Report

11 pefinitions of these terms (eg. Customer-level vs premise-level) are explained in the Section 3, Evaluation Approach.

12 \w pemand impacts will be determined using the appropriate energy-to-demand conversion factors

13 Results will be presented at multiple aggregation levels: utility service area, fuel type, housing type and climate zone

14 1his objective is not required for 3-31-2018 interim results, and the analysis will be completed later in 2018
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2.2 Project Planning Assumptions

The ESA impact evaluation, initially awarded to DNV GL in early 2016, was delayed for nearly a year
awaiting the Commission Decision that was finalized in November 2016. This section of the research plan
serves to outline the project planning assumptions that will help to put the project on track to support the
program administrators develop mid-cycle plans during the first quarter of 2018.

Table 5. Phase 1 Project Planning Assumptions

Weatherization Mid-Cycle
Billing data and comparison results not I0Us provide
delivery by DNV GL needs monthly billing data | group matching available by billing data by
Sept 15™ 2017 | for 2016 through the present. delayed March 2018 Sept 15™ 2017
The I0Us will be providing CARE
customer billing data for 2016- Mid-Cycle I0Us provide
Billing datain | 2018. DNV GL needs this data to be results not billing data in
consistent in similar format to 2010-2015 Data cleaning available by standardized
formats billing data delayed March 2018 formats
DNV GL will
I0Us will use work with IOUs
measure bundle | to identify the
Measure-level Full measure-level | savings most useful
savings that results consistent | estimates for measure-
are consistent | Requires variation in measure- with site-level planning and bundle results
with site-level | bundle makeup and limited results are not program that are
savings. interactive effects practical tracking feasible
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3 EVALUATION APPROACH

To measure and quantify changes in energy usage among ESA program participants and to aid in
comparison across years, we will use a two-stage billing analysis approach. The first stage will weather-
normalize the consumption data using well-established techniques to put all data on the same typical-
weather basis. The second stage will include multiple years of data in a model that estimates site-level
changes in consumption in the context of an appropriately defined comparison group. This modeling
approach has been deployed for impact evaluations for decades, is closely related to all other forms of billing
analysis, including time-series, cross-section approaches, and is consistent with CalTrack, the recent effort
to develop agreed upon steps for the site-level modeling portion of the analysis.1®

The following sections start from the discussion in the original proposal about how method choices address
the primary challenges of this evaluation. There has been substantial deliberation between DNV GL, ED, and
the 10U study team regarding the issues discussed in this section, and DNV GL has modified its approach to
reflect those discussions.

3.1 Unit of Analysis: Customer-Level and Premise-level

This section reflects the discussion of this issue that was included in the ESA Evaluation issues memo
(Appendix B — ESA Program Evaluation Issues Memo). This memo was a further exploration of these issues
after the proposal process and was discussed by the study group extensively.

The goal of billing analysis is to control for all non-program-related changes between the pre- and post-
installation periods. If we succeed at this task, the pre-post change in consumption is a reasonable estimate
of program-related change in consumption or savings.

Commonly, billing analysis evaluations limit the analysis to households where the same customer occupies
the house (premise) during the evaluation period (a year worth of data on either side of participation). The
advantage of this approach is that it removes from the regression those premises with changes in
consumption due to occupancy change (e.g., non-program-related). Removing these premises eliminates
one of the potential confounding variables for the program effect.

A concern with removing premises with occupancy change(s) is that the premises with high turnover of
occupants are somehow different than those with no turnover in the period. For single-family, non-low-
income evaluations where turnover occurs in a lower percentage of premises, the removal of premises with
change of occupancy is the norm. In that case, the assumption that premises without occupancy change are
representative of the whole population is generally considered reasonable. This assumption is less
reasonable for low-income customers.

Low-income populations generally have a higher turnover rate and it is harder to assume that there is no
correlation between occupancy change(s)and the condition of the premise. Removing premises with
occupancy change(s)will result in a higher percentage of premises being disqualified from the modeling.
Additionally, those premises that are removed may be different than the remaining premises in the model.

15 http://www.caltrack.org/
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The results of the model based only on premises with full occupancy through the period may not be
appropriate for those premises left out of the model.

For example, houses with occupancy change(s)could be more likely to have poor insulation/sealing thus
indicating higher savings potential. If these households are removed from the evaluation, then the higher
savings from these higher savings potential premises are not included in the analysis and savings estimates
would be reduced relative to if they had been included. Those reduced savings estimates for the fully
occupied subset are then applied to the whole population, including those left out of the regression, to get
overall savings estimates that are downwardly biased.

The alternative premise-level modeling approach does not remove households that change occupancy. Two
assumptions need to hold in combination for this approach to provide reasonable results. First, it is helpful
to assume that the change of occupants does not, on average, change consumption levels across the
“change-in-occupancy” subgroup. That is, if a family of 6 replaces a family of 4 in one house, that the
approximately opposite effect is happening elsewhere. Second, as households with occupancy
change(s)would also be present in the comparison group, any underlying trend that did exist would be
controlled for by the comparison group.

This approach would allow for the inclusion of more premises, particularly those with changing occupants.
Savings estimates for the program could have slightly lower precision reflecting the additional variability but,
if the above assumptions hold true, would decrease the likelihood of a biased result based on a non-
representative subset of the participant population.

The primary concern with the premise-level modeling approach is not the occupancy change(s), specifically,
but a potential byproduct of that process: vacancy. During periods of vacancy, consumption data will not
reflect energy consumption under typical occupied status. As with the inclusion of premises with occupancy
change(s), if periods of vacancy are evenly distributed throughout pre- and post- periods for both
participant and comparison groups, then the issue should be moot. However, if there is a correlation
between vacancy and participation then vacancy is problematic. If, for instance, premise owners take
advantage of vacancy to participate in the program and program participation makes it easier to get a new
tenant, then vacancy could affect the estimate of pre-post change in consumption. Vacancy will
disproportionately occur in the pre-program period, depressing pre-period consumption and would tend to
decrease the estimate of savings.

For this analysis, we will model all premises that have participated in the ESA program for all time periods
(years or half years depending on monthly or daily AMI data, respectively) regardless of change of
occupancy. We will flag periods where a change of occupancy occurs. We will be able to run the analysis
three ways:

e All periods - premise-level

e All periods with just the occupancy change periods removed — Premise level but minimizing the
likelihood of vacancy issue and odd mixed period model results

e Only premises with single occupant through the evaluation period

This approach will allow us to see how stable the results are with the different approaches. It may also allow
us to determine if there are consistent differences between premises with regular occupancy change or not.
A further advantage of the premise-level approach is that it will facilitate savings estimates for multiple
post-participation year. This will provide a longer-term picture of program effects. With respect to concerns
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related to occupancy, if there are short term changes in consumption associated with a occupancy change(s),
the later year savings estimates should provide a better estimate of long term savings.

Outcomes for March, 2018 deliverables:

e Customer-level, site-level and measure-bundle-level savings for program years 2015 and 2016, with
prior program years’ results (2011-2014) provided for context.

Outcomes for March, 2019 deliverables:

e Customer-level analysis will be extended to include 2017 program year.
e Using “as needed” task funds, premise-level analysis will be applied retroactively to 2011-2016
program years as well as 2017 extension.

3.2 Weather Normalization

Weather is the primary non-program change that the evaluator can directly control for in the analysis.
Putting pre- and post-program consumption on a consistent weather basis is the number one priority of any
billing analysis. Weather-normalization, a process that models how households heat and cool as a function of
heating and cooling degree days, is designed to facilitate the removal of the differences between pre- and
post-program weather. Successful weather-normalization will remove weather effects from pre-to-post
consumption change.

DNV GL will use a weather-normalization approach modeled after the PRISM software which has been used
in evaluations for 30 years. A PRISM-like approach has three essential features that make it preferable to
pooled, fixed-effect approaches:

e Site/Premise-level modeling: Capture each household’s unique physical traits that fundamentally
determine energy consumption. This includes the amount of insulation, the kind of roof, presence of
shade trees, etc. Occupant characteristics and behavior also contribute to a unique house-level
consumption signature.

e Flexible specifications: The approach chooses the optimal model out of four model specifications based
on statistical logic (heating and cooling, heating only, cooling only or baseload only). This means we
model a house with electric heat differently than one without electric heat. Likewise, we would model a
house with AC and electric heat differently than one with only AC.

e Flexible weather variables: Selects optimal cooling and/or heating bases most appropriate for that
household based on statistical tests. This flexibility allows the site-level model to distinguish at what
outside temperature the AC generally turns on at that house. This temperature level can vary widely
depending on building characteristics and occupant behavior. Getting it wrong has the potential to lead
to biased estimates and poor weather-normalization if weather conditions vary year to year. The model
is particularly powerful when applied to consumption data more granular than monthly.

This process will be consistent with the UMP Chapter 8 modeling approach,'® and the approach adopted by
the CalTrack process for the use case of the PG&E Pay4Performance program. The result from this modeling
is an estimate of normalized annual consumption (NAC) that represents consumption in the typical year as
defined by the CZ2010 data set. The weather that will be used for the modeling process will be actual

16 Agnew, Ken, and Mimi Goldberg. (in revision, 2017) Chapter 8: Whole-Building Retrofit with Consumption Data Analysis Evaluation Protocol. The
Uniform Methods Project: Methods for Determining Energy Efficiency Savings for Specific Measures. NREL.
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historical from the CZ2010 weather stations to maintain consistency of weather sources. NAC can be
expressed in normalized monthly consumption terms as well

The weather normalization process will be applied consistently to both participant and comparison group
households.

3.2.1 First Stage modeling for weather normalization

Site-level models, with 12 monthly data points each, will correlate average daily consumption with heating
and/or cooling degree-days. This model will be repeated 100 or more times for each premise to determine
which heating and cooling degree day bases (Hm, Cm) best reflect the physical and occupant behavior
characteristics of the household. For each premise, we will compare models with different degree-day bases
and across four model specifications (heating and cooling (HC), heating only(HO), cooling only(CO),
baseload only (00)).

For each premise and year-long time period we estimate the following model:

Em =p  + BuHm +BcCm + &m

where:

Em = Average consumption per day during interval m

Hm = Specifically, Hn(tn), average daily heating degree days at the base
temperature(ty) during meter read interval m, based on daily average
temperatures on those dates

Cnm = Specifically, Cn(tc), average daily cooling degree days at the base
temperature(tc) during meter read interval m, based on daily average
temperatures on those dates

u = Average daily baseload consumption estimated by the regression

Br,Bc = Heating and cooling coefficients estimated by the regression

€m = Regression residual

The outcome of the premise-level model is parameters that indicate the level of baseload (consumption not
correlated with either HDD or CDD) and the relationship between heating and cooling consumption and HDD
and CDD, respectively. The models make it possible to predict household consumption under any weather
conditions. Generally, for evaluation purposes all consumption is put on a typical weather basis. It is also
possible to predict pre-installation consumption on post-installation actual weather terms for a preliminary,
actual weather look at savings.

To calculate normalized annual consumption (NAC) for the pre- and post-installation periods for each
premise and timeframe, we combine the estimated coefficients p, Bn, and Bc with the annual typical
meteorological year (TMY) degree days Ho and Co calculated at the site-specific degree-day base(s), w and tc.

NAC =pu#365.25 + BuHo + BcCo

We will estimate normalized semi-annual consumption for the two winter quarters of each year (Q1 and Q4)
and the summer quarters (Q2 and Q3). Each semi-annual period will have consumption normalized
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estimates from two different models. We take the mean of these two estimates if they are equally
reasonable or choose the better if one model is clearly superior. In addition to improving the quality of the
normalized estimates, this approach will also allow us to categorize premises based on model characteristics,
making it easier to identify whether abnormally mild weather is at the root of unexpected results.

The site-level model specification presented above is designed for use with monthly data. The limited
number of data points make the simple specification essential. A likely extension (included as a potential
activity in Task 6: As Needed Activities) of this evaluation is to use AMI interval data in addition to monthly
data. AMI Interval data will open the range of modeling approaches that are accessible to the analysis. An
obvious first step is to enhance the site-level model by using daily consumption data and taking advantage
of the additional degrees of freedom to improve the models. A similarly structured model can include day-
type variables that capture behavior differences on weekends, additional weather variables such as lagged
temperature variables that will pick up more a refined weather dynamic as well as seasonal dummies. Such
an enhanced site-level modeling process would take advantage of the AMI data, where available, while
fitting into the overall analysis plan of this evaluation.

Outcomes for March, 2018 deliverables:

e Site-level weather normalization models based on monthly data will be the basis of customer-level,
site-level and measure-bundle-level savings.

Outcomes for March, 2019 deliverables:

e Customer-level analysis based on monthly data will be extended to include 2017 program year.

e Using “as needed” funds, customer-level analysis based on daily data from AMI data will be
completed for all years.

e Using “as needed” funds, premise-level analysis based on daily data from AMI data will be
completed for all years.

3.3 Comparison Group

After weather normalizing consumption, there remain two other possible explanations for pre-post
differences: program-related savings or exogenous changes (non-program, non-weather changes in
consumption). Exogenous changes may be driven by economic or other factors but, importantly, they occur
across all customers, not just program participants. If, for instance, customers are coming out of a period of
economic recession, an average two to three percent increase in consumption may occur across all
customers. If this increase is not addressed, it will directly undermine true savings.

A comparison group is the most common way of controlling for other non-weather and non- program
changes between the pre- and post-participation periods. The ideal comparison group will be similar to the
participant group in all consumption characteristics during the evaluation period but will not have program-
related change from pre-to-post installation during the “reporting” or post period. As a result, the
comparison group will track consumption dynamics over time in the absence of a program effect.

DNV GL recommends following UMP chapter 8 guidelines for the ESA impact evaluation comparison group.
The guidelines call for selecting members from one of two pools of customers: future program participants
or general CARE population customers.
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Future participant comparison groups are recommended when a program is stable across years. Future
participants offer multiple advantages compared to a general population customer. Because, in a future year,
they will opt into the program, they are likely to more closely resemble earlier participants than the general
population customer. Characteristics that might be more similar could include behavioral characteristics or
building characteristics. A second, related advantage is that the future participant is less likely to have done
recent work on the premise similar to the kind of work that the program will do. This means that future
participant premises, in their pre- participation state are more likely to have levels of weather sealing,
efficient lighting, etc. that are representative of a program participant without the program effects. These
similarities between current and future participants can relieve some concerns related to self-selection and
appropriate baseline.

The potential advantages of a future participant comparison group are lessened when there is variation in
ESA program implementation across years. In addition, for a multiple year analysis like this, future
participants become less numerous each year, providing smaller populations for the comparison group.
Future participants can be adjusted to look more like the current participants by weighting within strata
related to important characteristics (geography, pre-period consumption, and channels of enrollment).
However, reduction in the number of households available for the comparison group each year moving
forward is unavoidable. The results from an analysis that uses future participants for the comparison group,
will have decreasing precision over time and will reflect changes in customer targeting that are not
addressed by the stratification and weighting.

A comparison group based on ESA non-participant, CARE customers locates representative customers by
using matching techniques within stratification based on geography and other key characteristics. Matching
techniques, primarily based on consumption data, identify households with similar consumption
characteristics in the participant’s pre- participant period.

This kind of matching is made practical because the pool of eligible CARE customers will be substantially
larger than the pool of future participants. While a matched comparison group approach does not leverage
future participation as a characteristic, the explicit matching of consumption characteristics in the pre-
participation period does provide an appropriate baseline from which to measure consumption change. A
matched comparison group has the added advantage of providing comparison group premises with usable
data for the whole evaluation period.

For this evaluation, a comparison group based on ESA non-participant CARE customers will provide the best
comparison group to serve the needs of this multiple year evaluation. This approach will make it possible to
treat current evaluation years (2015-2017) completely consistently with the 2012-2014 years that will also
be included in the analysis.

DNV GL will achieve the matching with a combination of stratification and propensity score matching.
Propensity models will be applied within strata defined by key overarching variables related to 10U, housing
type and geography/climate zone.1” All remaining characteristics data will be included as independent
variables in the propensity score model. Consumption-related variables from both electric and gas
consumption data will be included to closely match households on consumption of both fuels. When using
monthly consumption data, it is standard to include the monthly consumption levels. If AMI data is used, we
can include a more diverse range of variables that reflect electric demand in addition to consumption.

There is a balance needed when applying both the strata-level matching and the matching by the propensity
model. If the stratification is too constricting, houses with very different consumption would end up

17 \we will test if it is feasible to treat Aliso Canyon as a unique geographical area in the matching process.
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matched when the propensity modeling process is applied. Alternatively, when applying too few strata, it is
possible that houses with very similar consumption profiles but of very different housing types or geography
may prove to be matched by the propensity modeling process. The proposed approach has been widely used
and strikes a reasonable balance. We will test that the quality of matches using tests discussed in the paper
“Model Based Matching and Other Benefits of High Frequency Interval Data”!8.

The standard for matching the comparison group household would be the participant household in a parallel
universe where the program does not exist. This ideal counterfactual household for an ESA participant would
be a household with similar physical characteristics, energy usage behaviors (energy burden etc.) and
similar propensities to accept energy efficiency measures and participate in an ESA program. But without
ESA participation.

The stratified propensity score matching approach matches on a number of important characteristics directly
(both stratification and propensity score model) where data are available to reflect those characteristics. The
assumption is that the comparison group will also indirectly reflect the participants on average on other
characteristics. To the extent that these less observable characteristics (or more difficult to connect to data
available for the population) are correlated with observable characteristics such as consumption, location,
etc., then the comparison group will more closely parallel the ideal counterfactual. A self-selection process,
that is present in any opt-in program context, has the potential to undermine the assumption that a
comparison group, matching on observable characteristics, approximates the counterfactual perfectly. All
consumption data analysis operates under these limitations except for programs such as home energy
reports programs that are set up as randomized controlled trials in advance.

The comparison group premises will be weather-normalized the same way as participants. Beyond
controlling for exogenous change, the weather normalized comparison group will also compensate for any
limitations of the weather-modeling scheme.

Outcomes for March, 2018 deliverables:

e A matched comparison algorithm will be developed to create comparison groups for all participants
from 2011 through 2016.

Outcomes for March, 2019 deliverables:

e The matched comparison algorithm used for the March, 2018 deliverable will be applied for program
year 2017 participants.

3.4 Modeling Savings

Because the first stage of the two-stage modeling approach takes care of weather-normalization, the second
stage can focus on modeling savings. This section introduces the process by which site-level normalized
annual consumption (NAC) for participant and comparison groups become savings estimates. The process is
a transparent application of a difference in difference approach that will be consistent across the prior
program years of 2011 through 2014 as well as the focus of this evaluation, program years 2015-2017.

The output from the weather normalization process are estimates of normalized annual consumption from
pre- and post-installation periods for both participant and control groups. Each participating customer wiill

18 «\odel Based Matching and Other Benefits of High Frequency Interval Data” Getachew et.al IEPEC 2017, Baltimore, Maryland
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have a matched non-participant and an associated participation date. A difference in difference estimate of
savings can be calculated at any level of aggregation - - 10U service area, fuel type, housing type and
climate zone.

The path from annual model results to a pre-post, participant-vs-comparison difference in difference results
can be visualized with the following example plots. These plots start with the participant group, then move
to the comparison group, and then combine to illustrate the difference in difference result. The data in these
plots are simulated and represent aggregates over some population — e.g., IOU, weather zone, etc.

In Figure 3-1, annual weather-normalized NACs from aggregated participant, site-level models are plotted at
the monthly level. Because of variation in the different and natural trends, the overlapping monthly model
results will not be identical in overlapping months. The individual site-level models do not capture trend
within the modeled year. By overlapping the annual models, the trend is internalized into the estimates.

Figure 3-1. Overlapping NACs for Participants through Evaluation Period
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In Figure 3-2, the participation period is applied and model periods that overlap that month are removed
from consideration.

Figure 3-2. Participant Blackout Period Removed
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In Figure 3-3, the monthly NACs are averaged to produce a weather-normalized, monthly series. By
combining overlapping models, the series captures trends on a six-month basis.
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Figure 3-3. Combined Participant NACs, Pre- and Post-Installation
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Figure 3-4 illustrates how a pre-period baseline for the participants is selected from the 12 month period
immediately prior to the black-out period and projected onto the post-installation period. Baseline NAC
minus post-period NAC, or the participant pre-post difference, provides an estimate of participant savings
through the post period. The basic account level difference in difference result compares only the pre-period
baseline to the first 12 months after the installation black out.

Figure 3-4. Participant Difference
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The underlying consumption data in the Figure 3-1 through Figure 3-4 has a consistent upward trend which
is not obvious until the last plot (Figure 3-4) where there is an apparent downward trend in savings. The
downward bias in savings that is more clearly apparent in years two and three post-participation in Figure
3-4 is also present in the first year post-participation savings estimates. This kind of trend is an example of
the non-program, exogenous change that must be addressed in consumption data analysis to produce an
un-biased estimate savings.

The next four plots repeat the identical process with the comparison group. The comparison group provides
the necessary adjustment to address the exogenous change that is biasing the participant-only estimates of
savings. In Figure 3-5 through Figure 3-8, the comparison group NACs have the same underlying trend as
does the participant group. Because it is the comparison group, there is no evidence of an installation. The
participant households with which the comparison group sites are matched provide the black-out period.
Comparison group NACs represent the weather normalized NACs of households with all non-program,
exogenous change but no program-related effects.
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Figure 3-5. Overlapping NACs for Comparison Group through Evaluation Period
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Figure 3-6. Participant Blackout Period Removed from Comparison Group NACs
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Figure 3-7. Combined Comparison Group NACs, Pre- and Post-Installation
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In Figure 3-8, the downward bias on the comparison group pre-post differences, as illustrated in the
“Savings” line, is clear for all three years. The comparison group estimate of savings is a proxy
counterfactual for the participant pre-post difference in the absence of the program. The pre-period baseline
is the kind of data that will inform the matching process to develop the comparison group. An ideal
comparison group will have pre-installation period load that is essentially the same as participant pre-period
load.
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Figure 3-8. Comparison Group Difference

20

A
15 % . -\ T, Tl
M P T i,
\ g
o 7 ‘v‘--.;"' B /
5
o ~
i | A\ ||'
\ AY. W' ’\\/\',v\ A
i \J/ YV \ \ \M\vr
-10
AT e I
A\ A A LA LA A \! A\ LIS \
Sl GO S S VU A w
----- NAC (02_2013 e Participation Savings

Figure 3-9, combines results from Figure 3-4 and Figure 3-8. The savings lines in those plots represent the
participant and comparison group pre-post differences. This plot illustrates the difference in difference
estimate of overall savings that combines the participant and comparisons results we plot both participant
and comparison group savings on the same plot. This savings estimate is weather-normalized and adjusted
for exogenous change via the comparison group.

Figure 3-9. Difference in Difference Savings
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This process will be routinized. As additional data are provided the full process will be extended forward.

These results can also be depicted in terms of regression specifications.

The second-stage regression estimates household level savings with following equation.

ANACjm = a +yTj + gjm

where:

ANAGC; = Change in NAC for customer j for post period m

Tj = An indicator variable that is 1 if customer j is a participant, O if customer j is in the
comparison group

o,y = Coefficients determined by the regression

€j = Regression residual
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For this simple equation, the estimated mean program savings per household is y. This regression
specification can be expanded to include multiple years of programs, separate measure effects, etc. Final
estimates and associated precisions will be calculated in the regression context. Visuals similar to those
presented above in Figure 3-1 through Figure 3-9 will also be provided.

Outcomes for March, 2018 deliverables:

e Site-level savings estimates by 10U, housing type and climate zone, for program years 2011 through
2016. Results will be estimated at the customer level using monthly billing data. Results will be
provided in both tabular and visual formats.

Outcomes for March, 2019 deliverables:

e Site-level savings estimates by 10U, housing type and climate zone, for program years 2011 through
2017. Depending on direction of “as needed” tasks, results may be provided at the customer and
premise levels using both monthly and daily AMI billing data. Results will be provided in both
tabular and visual formats.

3.5 Measure Level Analysis

The primary objective of this evaluation is producing sound and consistent site-level energy savings
estimates of the ESA activities. Measure-level savings estimates, in addition, can be useful to program
administrators tracking the effectiveness of their program implementation over time and planning for future
iterations of the program. For the ESA program, with many different complex bundles of measures installed
across the program population and geographies, estimating a single mean estimate of individual measure
level savings is not realistic or useful. First, there is substantial variation in measure savings across
populations and geographies. More importantly, measure-level savings will vary by measure bundle. The
same interactive effects that necessitate the use of site-level billing analysis also necessitate measure-
bundle-specific savings to appropriately capture those effects. For this evaluation, we will develop savings
estimates for major measure bundles to facilitate tracking the associated savings over time and support
program planning. Where possible, these results will be put into the context of existing DEER savings values.
This evaluation will not commit a substantial amount of effort and budget to producing a full set of individual
measure-level savings that that roll up to the overall site-level savings estimates.

The ESA Program Evaluation memo (Appendix B — ESA Program Evaluation Issues Memo) provided
discussion regarding the challenges of measure-level estimates of savings. The final paragraph of the
section related to measure-level analysis stated:

For this evaluation, we will work with ED and the 10Us to identify the most useful disaggregated
estimates of savings. Our general recommendation is to use premise-level savings and compare
those to ex ante savings at the premise level. Measure level estimate(sic), including combined
estimates for interactive measures, are useful if their limitations are recognized. The right level of
grouping can make measure-level estimates informative for comparison across 10Us, regions and
years.
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DNV GL will estimate measure-group savings for measures that constitute substantial portions of program
savings. Projected savings for the 2015-2017 program years?'® indicate that a limited set of measures will
deliver the majority of savings for the ESA program. On the electric side, lighting and refrigerator measures
will deliver between 68 and 88% of the savings for the three electric IOUs. Gas savings are more diverse
and vary across the gas 10Us, but hot water measures, shell and microwaves each represent at least 25% of
the savings for at least one of the 10Us.

Lighting and refrigeration savings are examples of measure pairings for which disaggregating into single
measure savings estimates can prove difficult. Both measures are modeled as part of baseload estimates
and have savings defined by baseload pre-post difference. We can parameterize these two measures as a
bundle where both are installed and an estimate of the combined savings is the result. For measures
installed individually we provide measure-specific estimates of savings. Depending on the characteristics of
the households where one or two of the measures are installed, the individual savings estimates may or may
not be consistent with the combined savings estimates. If the savings for these two measures are
parameterized individually across both individual and combined installations, then the measure-specific
savings estimates will reflect program year specific installations (average of the unique characteristics of the
measure installations, counts of bundled or not, for that time, location, etc.) Such results could be
informative regarding the geographies and the type of combinations of measures provide the best savings,
but may not be appropriate for future program years where these variables differ. These varied results will
all be different disaggregation’s of the same overarching program-level, pre-post difference that will be
expressed in the site-level savings estimates.

To estimate measure-bundle savings, DNV GL will perform a statistically adjusted engineering (SAE)
modeling approach on the same data used for the site-level savings estimates.

The second-stage regression for an SAE approach uses the specification.

ANACjm = o+ vk 2k Tjk + 8k Zk Xjk + &jm

where:

ANAGC; = Change in NAC for customer j for post period m

Tik = An indicator variable that is 1 if customer j is a participant installing measure bundle k,
0 if customer j is in the comparison group

Xijk Tracking savings for measure bundle k if customer j is a participant installing measure
bundle k, O if customer j is in the comparison group

a, Yk, Ok = Coefficients determined by the regression

€j = Regression residual

Savings for measure bundle k is calculated

Sk = Yk + 8k X)

Sk = Savings for measure bundle k

Xk Mean tracking savings for measure bundle k

19 p 16-11-022
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This regression specification will be applied to multiple years of program data, with and without annual
indicator variables interacting with comparison group/baseline change in consumption and measure bundle
savings estimates. The fully interacted model will give results consistent with single-year models, while a
model without any annual interactions will give average change in consumption and average savings
estimates across all years included. We will explore the different iterations of the model for insights into
program savings trends over time. A specification that includes annual or even monthly indicator variables
on comparison group change across all years but produces a unique estimate of measure bundly savings for
the program years 2015-17 could provide well-informed savings estimates using the full span of data.

A stated goal of the RFP was an established analysis process which could be updated with new data in a
routinized fashion. This can be achieved with any of the regression specifications discussed. The multiple
year models discussed above can we run with additional years of data. It is important to realize, however,
that in a multiple year model, all model results will change with the inclusion of new data. The more that
measures or specified to estimate savings over multiple years, the more this will be the case. One of the
advantages of a single year rolling specification is that analytical consistency is maintained but prior year
results remain fixed rather than changing with each addition of data. A related challenge in a routinized
approach is recognizing whether the new data represent an extension of prior structures or represent
something different. At a minimum, the routinized process should test for statistical difference across a
range of characteristics and savings before producing results that are aggregated across time.

DNV GL will explore the measure-group level savings estimates for the prominent measures for the 2015-
2017 program years. We will apply consistent specifications across 10Us and deliver estimates at the 10U,
housing type and climate zone level. Measure-bundle-level estimates will be presented in the context of
DEER savings values along with an assessment of the reliability of the estimates.

Outcomes for March, 2018 deliverables:

e Measure-bundle-level savings as defined by program year 2015 and 2016 program implementations,
with prior program years’ results (2011-2014) provided for context.

Outcomes for March, 2019 deliverables:

e Measure-bundle-level savings as defined by program year 2015 through 2017 program
implementations, with prior program years’ results (2011-2014) provided for context.

3.6 Aliso Canyon

DNV GL will develop unique results for the Aliso Canyon area that can be compared to similar, surrounding
areas. It will be important, for first-level results, to be consistent in treatment across all homes, in and out

of the Aliso Canyon area, to maintain an apples-to-apples comparison with respect to analysis approach. A
more nuanced analysis may be able to tease out the effects of specific subsets - households below the
three-measure minimum and/or households with more recent ESA participation due to relaxed go-back rules.
These analyses will create subsets of results specific to Aliso Canyon that may be suggestive and informative,
but are less likely to be statistically significant. As with measure-level savings estimates, different levels of
savings are as likely to be associated with the varying characteristics of different groups participating in
these expanded program modes, as different measure-specific savings.

Aliso Canyon participants raise the issue of whether the overall analysis approach could be modified to
improve estimates for the Aliso Canyon area. For instance, prior ESA participation could be explicitly
accounted for in the matched comparison process. The basic concept that supports using prior- and future
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participants for comparison groups is that the change seen in non-program households within the
comparison group is designed to control for is not affected by the participation status of the household. This
indicates that comparison group members that participated 10 years ago would not track non-program
change appreciably differently than last year’s participants or next year’s participants. It is possible that
households with the propensity to participate again in the program after 10 years may have different
characteristics than the general population. On the one hand, there is no way to directly identify similar
households with the propensity to re-participate who did not actually do so. On the other, the intent of the
matched comparison process is to address these kinds of characteristics as best as possible with the
available data. The only way to more explicitly define a comparison group for Aliso Canyon participants
availing themselves of the go back rule relaxation would be to limit eligible comparison group households to
sites that also participated in ESA during those prior years. This would require knowledge of ESA
participation going back more than a decade. Incorporating the tracking data for the program from more
than 7 years ago is currently outside the scope of this analysis and would require “as needed” funds to
implement. While DNV GL can pursue this approach, there is little evidence that this substantial increase in
effort will support different or better savings estimates.

3.7 AMI Data

The study group has decided to take advantage of a complete historical set of monthly data to develop the
first set of results for this program using monthly consumption data. AMI data may be used to further the
analysis in a number of ways.

AMI data can be used in the current analysis process by allowing site-level modeling with daily data rather
than average daily data based on monthly reads. The additional number of data points improve the weather
normalization process in most instances even without changing model specification. A number of model
specification options are available and could be pursued. This AMI-enhance site-level model could flow into
the same comparison group and second stage process as is used for the monthly analysis. Alternatively, both
comparison and second stage processes can also be upgraded utilizing aspects of the AMI data. With AMI
data, the comparison group process can include more descriptive consumption data variables including peak
demand, etc. The second stage model can be made flexible to more granular site-level results and as a results
better track change over time.

AMI data may also be useful for more ad hoc analysis attempting to address specific aspects of the larger
analysis. These AMlI-related task will be agreed upon with the study group and be included as "as needed"
tasks.

3.8 Additional “As Needed” Analysis

A concern that has plagued the ESA evaluation over the years is quantifying the potential for consumption
increase associated with systems that are repaired by the program. If a furnace or AC, for instance, was out
of commission in pre-program period, then typical usage in the post period will register as an increase in
load, undermining savings. This is the one scenario where consumption increase should not be included in
the savings estimate.

There are a number of valid reasons why consumption might increase in the post period. First, there is
natural variation in household consumption year to year. Infinite scenarios can explain household
consumption moving up and down and this is typical for residential billing data. A primary purpose of the
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comparison group is addressing this variation and controlling for the part of it that is trending up or down
over time, on average, across the populations rather than just stationary variation.

Another kind of consumption increase is also addressed appropriately in this kind of consumption data
analysis. Program participants may exhibit take-back, or a tendency to take advantage of the perceived
lower cost of heating or cooling, for instance. That increase in measure usage increases measure
consumption and appropriately lowers the savings estimates. This is considered a strength of the billing
analysis approach in that it reflects these kinds of changes in energy usage characteristics.

Distinguishing the repair scenario from the other forms of consumption increase is a possible target of “as
needed” analysis. The most direct way of addressing this issue would be if such repairs were tracked in the
tracking data. In the absence of that, DNV GL would attempt to identify these kinds of scenarios with a
longer-term assessment of a site’s consumption data. We could flag weather normalization model results
that indicate that cooling was present in earlier years and then absent in the year prior to program
participation. This could indicate the presence of an AC repair that was part of the program implementation.
We would flag all household with this kind of pattern, treatment and comparison group, and re-run results to
see what kind of effect their removal had on savings estimates. The AMI data may make it possible to
identify unexpected period of low heating or cooling in the pre-period as well. By applying this kind of
approach to all households, we avoid the risk of removing natural increases in consumption.
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4 DATA SOURCES

4.1 Consumption data

Information pertaining to kWh and therm consumption quantities will be the primary variables of interest.
The granularity of these data is also important to the impact evaluation approach and methodology. The
preliminary modeling effort will be done on monthly consumption data. To the extent that it is available, the
final analysis will use AMI data and employ daily data for statistical modeling to capture variation in
consumption during the pre- and post-periods. Estimates of savings will be measured at the daily level of
granularity. A unique site ID identifies the unit of analysis. Usually, a combination of customer and
site/premise ID identifies a particular site with the consumption data for the site’s occupant. It is essential to
establish the unique site identifier with the help of the owner of the data at the utility.

Data Sources:

e 10U Residential population monthly billing from 2010-2015 (provided under CPUC contract?°,
approved for use on this project by 10Us)

e Program participant and 10U CARE population monthly billing data from 2015-2018 (will be provided
by 10Us through a data request). In combination with 2010-2015 data, we will have participant and
CARE customer data from 2010 through the present.

e AMI data for ESA participants and CARE customers for 2010 or since available (will be provided by
I0Us through a data request)

4.2 Customer information data

We will use general customer information from the 10Us to both identify basic household characteristics?! of
participating households and then similar non-participants among CARE households and future ESA program
participants. 10U, climate zone, and rate class are the minimum characteristics on which potential
comparison group households will be identified. Customer information will also provide information on the
tenure of household occupants and weather station look-up.

Data Sources:

e I0OU Residential population customer data from 2010-2015 (provided under CPUC contract??,
approved for use on this project by 10Us)

e 10U CARE population customer data 2015-2018 (will be provided by 10Us through a data request)

4.3 Weather data

We will use weather data for the billing analysis in two ways:

20 CPUC Contracts 12PS5119 (2010-2012) and 12PS5095 (2013-2015)

21 Household characteristics include any characteristics data that are available for the population of participants and comparison group
eligible households

22 CPUC Contracts 12PS5119 (2010-2012) and 12PS5095 (2013-2015)
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¢ In models relating usage to weather, observed weather data will be matched to the meter read intervals
to provide predictor variables.

e The model estimated with actual weather will be calculated at normal-year weather levels to provide
usage and savings in a normal (or typical) year.

The billing analysis requires both actual and typical meteorological year (CZ2010) weather data from a
location near each premise. The actual weather data must match the time interval of each meter read
interval. For this analysis, and to be consistent with CalTrack standards, we will use NOAA weather data
from weather stations associated with the CZ2010 data. These data provide the actual outdoor temperature
at the participating premises, which is necessary to model pre- and post- energy use so that the effect of
temperature can be isolated.

Data Sources:

e Weather data from NOAA.23

4.4 Program tracking data

The detailed program tracking data provide the participant population, the pre- and post-installation time
periods, and the number and type of measures for which savings are claimed. Additional information in the
detailed tracking database may serve as a resource for other elements of the analysis.

Data Sources:

e Program Tracking data (provided by 10Us through data request)

23 Global Surface Summary of the Day — GSOD, https://data.noaa.gov/dataset/global-surface-summary-of-the-day-gsod. Includes maximum
temperature (0.1°F), minimum temperature (0.1°F), and mean dew point (0.1°F).
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5 RESEARCH COORDINATION

The DNV GL team will coordinate our research with findings from other studies as directed by the Study
Team. The studies identified for collaboration include: DEER update, Non-energy benefits study, Low Income
Needs Assessment (LINA), Energy Efficiency Potential and Goals Study. The anticipated nature of the
collaboration needs to be further clarified through discussion with the Study Team.

From the Decision?:

We note that many, if not all, of the ESA Program measures are the same measures that have deemed
energy savings values captured in DEER. As noted by parties, these DEER savings values are calculated
based on savings above code, which may not be the appropriate baseline for low income households. The
unconfirmed assumption is that DEER values inherently underestimate the savings that these measures
should deliver in low income households because the existing conditions are far below code. With this
uncertainty in mind, we encourage our next impact evaluation and 2017 EE Potential Study to examine
applying DEER values to the 2017 ESA Program Year’s installation figures. This may help us, moving
forward, determine a more accurate and appropriate savings target for the ESA Program as discussed in
Section 3.2.

DNV GL will provide a preliminary assessment of measure-group savings estimates relative to DEER savings
values. If savings estimates for the 2015-17 program years are consistently above DEER estimates, then
additional analysis may be warranted to further evaluate the suitability of DEER estimates for the ESA
program.

24 D.16-11-022
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6 WORK PLAN TASKS

6.1 Task 1: Project Management

Under this task, the Project Sponsor (Valerie Richardson), Project Manager (Tyler Mahone), and other
assigned team members will conduct all activities associated with managing the project. This includes active
communications in addition to monitoring and control of schedule, budget, resources, quality, and risk to
meet the needs of the scope.

Deliverables: Documentation of evaluation progress, issues, and risks in monthly status reports

6.2 Task 2: Project Initiation Meeting
Under this task, the DNV GL team met with the Study Team to ensure common understanding of the

project’s objectives, work efforts, products, and schedule.

Deliverables: Meeting agenda and Project Initiation Meeting memorandum outlining the major discussion
points, decisions, and action items that resulted from the meeting.

6.3 Task 3: Draft and Final Research Plan

This draft research plan is a step in the research plan development process. The evaluation team will
present the draft research plan to the 10U Study Team for review and comment. The research plan will then
be posted for public review and a public webinar will be held. The final research plan will incorporate edits,
suggestions, and modifications provided by the Study Team and industry stakeholders as needed.

Deliverables: Draft and Final Research Plan for Phase 1 in September 2017

Updated and revised research plan for Phase 2 in Q2 20182

6.4 Task 4: Public Workshop Presentation of Research Plan

In this workshop, DNV GL will present our research plan, field questions on the plan, and gather any
additional public input that might be provided.

Deliverables: Draft agenda and PowerPoint presentation at least 5 working days prior to the workshop;
presentation of the research plan at the workshop; note-taking and memorandum summarizing the
workshop and associated action items that includes a list of all attendees; response to comments matrix.

6.5 Task 5: Perform Main Regression Analysis

Working with billing and ESA program tracking data, DNV GL will develop an analytical framework and data
management infrastructure early in the project to enable a routinized approach to the evaluations for
program years 2015 to 2017. The data and analytical framework will be structured to achieve the following
key goals:

e Efficient data cleansing, account matching, and screening for data anomalies

25 some funding for updating the research plan will come from Task 6: As-Needed Tasks
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e Assessment of program impacts across multiple dimensions, including program cycle, 10U service
area, fuel type, measure/measure group, climate zone, and housing type

¢ Identification of anomalous impact results for further investigation with Study Team (Task 6)

e Efficient incremental updates to the model and results as incremental data becomes available to
produce results for program years 2015, 2016, and 2017 (referred to as PY2015, PY2016 and
PY2017).

6.5.1 Task 5.1: Data Cleaning

DNV GL will enhance our existing processes and systems for billing data cleaning, account matching,
analysis and review. We will also work with previously used data selection rules as much as possible to make
our analysis consistent with work in prior years.

The two-stage, premise-level modeling approach that we will use for this evaluation will facilitate addressing
data issues in a more comprehensive manner. In addition to providing the basis for weather normalization,
the site-level models provide information how well the data conform to flexible, engineering-based patterns.
High consumption values will stand out as outliers if they are inconsistent with the full year of site-level
consumption. General data variability is also detected in site-level modeling context. The modeling approach
explicitly indicates the presence or absence of heating or cooling making it possible to track the consistency
of AC or electric heat presence in households across periods. These flags will make it possible to identify the
subset of suitable households to include in the modeling process. In addition, they will provide information
to support a range of screens with which to better understand the drivers of savings variability.

DNV GL will complete the following data cleaning tasks:
Customer information data: for both participants and eligible comparison group households (CARE)
1. Match accounts in overlapping service areas
a. Matching criteria for comparison group development will include both fuels where possible.

b. Matching accounts will be done with a combination of customer address as well as latitude
and longitude information included in 10U billing data2®

2. Assure proper characterization of multi-family status.
3. Flag months of change of occupancy.

4. Attach 10U weather station look-up or develop zip code based look-up.

Consumption data
1. Flag accounts with consumption data anomalies for possible removal at the second stage as a
decision rule to the aggregation process. This will facilitate testing the implications of different
removal criteria with respect to attrition and effect on savings estimates, including:

26 pNV GL has extensive experience with customer account matching using USPS address matching software and latitude/longitude data. We
recognize there are complications with Multi-family smart meters that grouped in close proximity and will work with the study team to address
these issues
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a. Missing data for analysis

b. Excessive zero data

c. Consumption outliers based on appropriate screening criteria
d. Periods with evidence of vacancy.

e. Changing consumption characteristics as indicated by changes in site-level model structure
over time. Site level models indicate the presence of weather correlated heating and/or
cooling. Inconsistency with respect to this structure indicates structural change or poor
model fit.

2. For accounts that show increased usage after ESA treatment, flag and review for possible additional
structural explanations for consumption change that could be applied globally.?”

3. Calendarize consumption data and calculated degree day weather data together to maintain
appropriate consumption-weather linkage.

Tracking Data

1. Aggregate tracking data to match annual reports.
2. Look for data anomalies and flag or discuss with 10Us, e.g.,
a. Inconsistent measure savings or counts

b. Incorrect space or hot water fuel type for measure installed

Weather Data

1. Use CZ 2010 TMYs and associated weather station actuals.

2. Aggregate to daily for purposes of matching with bill periods, checking for completeness and
soundness of data

6.5.2 Task 5.2: Develop Comparison Group

Section 3.3 provides background on the development of comparison groups. Participants in each program
year will be stratified by 10U, building type and climate zone. Within each stratum, a propensity score
algorithm will identify non-participant, CARE population sites that have similar characteristics. The
propensity score model will include consumption-related variables from the pre-program period as well as
other informative information that is available for both participants and CARE customers. When AMI data
are integrated into the analysis, it will be possible to include demand related variables to further enhance
the basis for matching. The outcome will be a matched comparison household for each ESA participant that
has similar consumption characteristics in the pre-program period (as defined by the participants’
participation).

27 sSee section 3.8.
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6.5.3 Task 5.3: Develop Regression Analysis & Reporting Framework

Section 3.2 provides background for the first stage of the two-stage analysis approach. Section 3.4 provides
a schema for the aggregation of site-level results to final difference in difference results. Section 3.5
provides the approach for developing measure-bundle-level savings in a framework consistent with the site-
level savings estimates.

This task will implement these processes producing tabular and visual results at the 10U, building type and
climate zone levels.

For the March 31st, 2018 deadline, results will be limited to overall and measure-bundle, customer level
results. To meet this deadline, we will need 2016 through current consumption data in the requested
formats, and complete tracking data, by September 15, 2017.

Premise-level analysis and Aliso Canyon results will be provided when available but may not meet the
interim planning deadline date.

6.5.4 Task 5.4: Update model results with incremental data

The model developed under Task 5.2 sets the stage for routinized updates to the regression results as
incremental data becomes available. To develop impact results with sufficient time to produce professional
quality results in the first quarter of the 2018, DNV GL will begin model runs to produce Phase 1 results
(PY2015/PY2016) early in the fourth quarter of 2017 with the incremental data available at that time. We
expect to be able to incorporate incremental data into the analysis through the end of the fourth quarter as
permitted by data availability without jeopardizing the quality of the analysis or reporting. This time period
will allow for a complete analysis of PY2015 and PY2016 in Phase 1 by March 315t 2018. In the event that
sufficient data is not available to fully evaluate PY2016 by Q3 2017, DNV GL will produce a supplemental
report to update the PY2016 results by Q2 2018. DNV GL will repeat the cycle in the subsequent year to
produce results for PY2017 by Q1 20109.

After modeling results are available for program years 2015 and 2016, DNV GL will review and discuss with
the Study Team to determine additional tasks to be completed, whether revisions to the modeling
framework or “As Needed” activities to assist in explaining modeling results. Models and results will be
updated as agreed with Study Team before finalizing the reports.

6.6 Task 6: As Needed Activities

As described in Task 5, DNV GL will develop an analytical framework and data management infrastructure to
enable a routinized approach to the evaluations for PY2015, PY2016 and PY2017, respectively, when post-
participation data is available. This will establish baseline savings estimates for prior program years (PY
2013 and PY 2014). If DNV GL finds major differences with prior results, we can work to understand those
differences before the final evaluation period results are developed in Q1 2019.

DNV GL will review baseline savings estimates with the Study Team in the Q1 2018 timeframe in order to
specify “As Needed” activities in the final year of the evaluation that will inform refinement to the modeling
framework prior to producing final results. The advantage to this approach is that anomalies will be caught
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and addressed in the final round of modeling, allowing for a more consistent and comparable results across
the three program years. The purpose of the “As Needed” activities will be to use methods in addition to the
billing analysis that will assist in explaining modeling results that the Study Team determines as a priority.

The purpose of the “As Needed” activities will be to use methods in addition to the billing analysis that will
assist in explaining modeling results that the Study Team determines as a priority. “As Needed” tasks are
not limited to the following list, but may include:

e Extension of the billing analysis framework to include site-level models based on daily data derived
from AMI data.

e Additional analysis of the effects of program rule changes associated with the Aliso Canyon situation.
e Engineering/literature review of new or low-incidence measures.

e Imbedded field customer surveys primarily orientated towards investigating savings anomalies but
also addressing other factors affecting energy usage (such as, installation quality, timing, and
occupant characteristics).

e Comparison of results with ex ante estimates, other available data/ national/regional/ CA specific
data.

e Process improvement relating to observed inter-utility/inter-program cycle differences in impacts.

6.7 Task 7: Cycle Report and Midstream Annual Savings Report

For each phase of the study period, DNV GL will prepare professional quality draft and final reports adhering
to outlines agreed to in the final research plan. The reports will include a complete description of
methodology, results and research recommendations. Results reported will include energy and demand
impact estimates and analysis of differences over time, between utilities, and versus prior study estimates
and ex ante values.

Deliverables: In accordance with the 10Us Mid-Cycle review in March 2018, DNV GL will provide results
that will be limited to overall and measure-group, customer level results. To meet this deadline DNV GL will
need 2016 through current consumption data in the requested formats, and complete tracking data, by
September 15, 2017.

Draft reports will be submitted to the Study Team and posted on the Energy Division’s public document
website (www.energydataweb.com). The Study Team and interested parties will have two weeks to review
the drafts and to post comment on the website. DNV GL and the Study Team will review the comments and
discuss any changes to the report. Following this discussion, DNV GL will have two to three weeks to finalize
the reports and provide response to comments matrix. There will be two reports associated with this project:

e PY2015 and PY2016 Results Report: Q3 2018

e PY2015, PY2016, and PY2017 Final Report: Q1 2019
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6.8 Task 8: Public Webinar Presentations for Study Reports

For each report that is written as part of this study, DNV GL will deliver workshops during which we will
present our draft reports, field questions on the reports, and gather any additional public input that might be
provided. Scheduling of the public workshop should probably happen during the two-week period that the
public will be allotted for review of the draft reports. This way, input from the workshops can be combined
with input submitted on the Energy Division website prior to the Study Team and consultant discussions
about necessary changes to the reports.

Deliverables: For each report that is written as part of this study: Draft agenda and PowerPoint
presentation at least 5 working days prior to the workshop; presentation of the draft report at the workshop;
note-taking and memorandum summarizing the workshop and associated action items that includes a list of
all attendees.

6.9 Task 9: Final Report Posting

In this task, DNV GL will post the reports along with any appendices on the Energy Division’s Public
Document website and on the CALMAC website.

Deliverables: Once the final reports are approved by the Study Team, DNV GL will post the reports along
with any appendices on the Energy Division’s Public Document website and on the CALMAC website.

6.10 Task 10: Data and Documentation

DNV GL will provide all the data and documentation required to allow for reproduction of results by others.
Elements of this submittal will include billing data, tracking data, weather data, survey data, all relevant
programming code, and sufficient descriptions to allow someone with basic modeling and programming skills
to understand and implement all parts of the analysis.

Deliverables: A complete set of data and documentation, minus customer identifiers, will be provided to
the SCG Project Manager and the Energy Division. Documentation and a subset of data with customer
identifiers will be provided to each 10U, but only for data related to that 10U.

Written documentation on the data preparation process, including a summary of findings and description of
any methods used to fill in key missing data, if any; full study databases (excluding customer identifiers),
and supporting documentation for each 10U and the Energy Division; utility-specific databases including
customer identifiers, and supporting documentation, for each related 10U.
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7 PROJECT SCHEDULE AND BUDGET

7.1 Schedule

The monthly schedule for the ESA Program impact evaluation study tasks is presented in Figure 7-10, a
more detailed schedule for Phase 1 of the evaluation is presented in Appendix A — Expanded Phase 1

Schedule.
Below is a list of key milestones:
e Draft research plan posted for public review: September 5, 2017
e Public workshop of research plan: September 6, 2017
e Final research plan posted: September 26, 2017
e Preliminary impact results presented to 10Us: January 2018
¢ Impact updates for mid-cycle updates: March 31, 2018
e Phase 1 report published: Q3 2018
e Phase 2 impact results to 10Us: Q1 2019

e Final report published: March 2019

Figure 7-10. Schedule for ESA Program Impact Evaluation

2017 2018

2019

Q3-2017|Q4-2017 |Q1-2018 |Q2-2018 | Q3-2018 | Q4-2018 [ Q1-2019

JIA|S|O|N[D|J|FM[A[M|IJ]]

A|S|O|N|D|]J

F

M

Task Name

Project Control & Monitoring

Task 1: Project Management and Progress Reporting

Project Initiation, Planning & Design

Task 2: Conduct Project Initiation Meeting

Task 3: Develop the Draft and Final Research Plan

Task 4: Public Workshop Presentation of Research Plan

Task 5.1/5.2: Prepare data analysis datasets; develop modeling framework

Impact Evaluations for PY2015-PY2017 - Three cycles Phase 1: PY2015/16
Task 6: "As Needed" Tasks

Task 5.3: Perform main regression analysis

Task 7: Cycle Report and Midstream Annual Savings Report

Task 8: On-going Public Webinar Presentations for Study Reports

Phase 2: Add PY2017

Task 9: Final Report Posting

Project Closure

Task 10: Data and Documentation
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7.2 Budget

Table 6. ESA Impact Evaluation Budget by Study Phase

Total Project

Task Name Phase 1 Budget Phase 2 Budget Budget

Project Control and Monitoring

Task 1: Project Managemen, Progress Reporting, ESA/LI CPUC/Stakeholder Engagement $30,000 $12,748 $42,748
Project Initiation, Planning, and Design

Task 2: Project Initiation $18,144 $18,144

Task 3: Develop the Draft and Final Research Plan $51,819 $51,819

Task 4: Public Workshop Presentation of Research Plan $8,465 $8,465

Task 5.1/5.2: Set Up Main Regression Analysis $57,373 $17,195 $74,568
Impact Evaluations for PY2015-2017

Task 5.3: Perform Main Regression Analysis and Associated Required Activities $61,178 $35,156 $96,334

Task 6: As Needed Tasks (determined by Study Team) S0 $160,000 $160,000

Task 7: Cycle Report and Midstream Annual Savings Report $43,456 $27,436 $70,892

Task 8: On-going Public Webinar Presentations for Study Reports $18,004 $18,004

Task 9: Final Report Posting $2,538 $2,538
Project Closure

Task 10: Project Closure $6,488 $6,488
Total $270,435 $279,565 $550,000

7.3 Major Project Deliverables

Phase 1 Deliverables:

- March 31st, 2018: Excel spreadsheet and PowerPoint presentation containing the following

preliminary results for PY2015 and PY2016:

0 Annual first year kWh, kW, therms by 10U, housing type, T24 climate zone,

o0 Whole house savings, measure level and some measure bundle estimates (bundles to be

approved by study team),

0 Weatherization and duct sealing savings disaggregated into heating and cooling,

o0 Engineering estimates for measures lacking sufficient installs,

0 Excel spreadsheet for IOU use with savings estimates,

o Dual fuel savings for all I0Us (i.e. electric and gas estimates for both SCG and SCE

weatherization / duct sealing measures),

- Q3 2018: Published Impact Report for PY2015 and PY2016 and PowerPoint presentation containing

the following:
o Evaluation description

o0 Evaluation methodology
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Annual first year kWh, kW, therms by 10U, housing type, T24 climate zone,

Whole house savings, measure level and some measure bundle estimates (bundles to be
approved by study team),

Weatherization and duct sealing savings disaggregated into heating and cooling,
Engineering estimates for measures lacking sufficient installs,

Excel spreadsheet for IOU use with savings estimates,

Comparison and discussion of participant consumption compared to average residential,
Comparison and discussion of how household savings change over time,

Dual fuel savings for all IOUs (i.e. electric and gas estimates for both SCG and SCE
weatherization / duct sealing measures),

Discussion on data attrition and alignment (e.g. how treat outliers, overlapping service areas,
metered & sub-metered accounts, NEM accounts, vacant premises, etc.),

Discussion on model fit, collinearity and other issues, including a summary of methodologies.

Phase 2 Deliverables:

- Q2 2019: Published Impact Report for PY2015 - PY2017 and PowerPoint presentation containing the

following:

o0 Evaluation description

0 As-Needed Task writeup

o Evaluation methodology

o Annual first year kWh, kW, therms by 10U, housing type, T24 climate zone,

0 Whole house savings, measure level and some measure bundle estimates (bundles to be
approved by study team),

0 Weatherization and duct sealing savings disaggregated into heating and cooling,

0 Engineering estimates for measures lacking sufficient installs,

0 Excel spreadsheet for IOU use with savings estimates,

0 Comparison and discussion of participant consumption compared to average residential,

o Comparison and discussion of how household savings change over time,

o Dual fuel savings for all I0Us (i.e. electric and gas estimates for both SCG and SCE
weatherization / duct sealing measures),

o Discussion on data attrition and alignment (e.g. how treat outliers, overlapping service areas,

metered & sub-metered accounts, NEM accounts, vacant premises, etc.),
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o Discussion on model fit, collinearity and other issues, including a summary of methodologies.

o Key findings

0 Recommendations

7.4 Contact information

DNV GL will serve as the prime contractor on this study, with Valerie Richardson serving as project sponsor

and Tyler Mahone serving as project manager. Southern California Gas is managing the study for the

Investor Owned Utilities, with Loan Nguyen serving as contract lead and Caroline Chen serving as project

lead. Contact information is provided in the table below.

Firm

Lead

Contact Information

DNV GL
155 Grand Avenue, Suite 500
Oakland, CA 94612

Valerie Richardson
Principal Consultant
Sustainable Use Services

Phone: (510) 891-0446
Fax: (510) 891-0440
Email: valerie.richardson@dnvgl.com

Southern California Gas
Company

555 W 5th Street

Los Angeles, CA 90013

Loan Nguyen

Supervisor / Customer Programs &
Assistance, Evaluation Measurement
& Verification

Phone: (213) 244-3606
Email: Inguyen@semprautilities.com

DNV GL — www.dnvgl.com

Page 34




mailto:valerie.richardson@dnvgl.com

mailto:valerie.richardson@dnvgl.com

mailto:lnguyen@semprautilities.com

mailto:lnguyen@semprautilities.com



8 APPENDIX A — EXPANDED PHASE 1 SCHEDULE

o r 0 o

eptemeber

w
o

Task Name Key Milestone  Notes August | Septemeber| October | Novemebr | Decemeber | January | February [ March April May June July August

ESA Impact evaluation - 2015-2017 cycles
Project Initiation, Planning & Design
Task 1: Project Management and Progress Reporting
Monitor & Control project
Weekly project status calls
D: Monthly status reports and invoicing

Task 2: Project Initiation Closed
Task 3: Develop the Draft and Final Research Plan
D: Research Plan, draft version 8/31/2017
Allowance for public comments 9/16/2017
D: Research Plan, final 9/126/2017
Task 4: Public Workshop Presentation of Research Plan 9/6/2017
Task 5.1/5.2: Set Up Main Regression Analysis
Program Tracking Data Requests 9/15/2017

Initial data prep and analysis

Developing, testing & running prelim model (2012-2015
Task 5.3: Perform Main Regression Analysis and Associated

Site-level modeling, monthly data, all P/NP, all vears

Inclusion criteria / Attrition

Matched comparison group development

Second-stage model, IOU and climate region levels

Development of dashboard, additional cuts

Expand modeling from monthly to to daily data

Produce preliminary results 1/31/2018
Task 6: As Needed Tasks
Example: Aliso Canyon Treatment
TBD
TBD
Task 7: Cycle Report and Midstream Annual Savings Report
10U review of preliminary Results 3/2/2018
Produce Results for Mid-Cycle Review 3/30/2018
Write Draft Report
Draft Report to 10Us 4/27/2018
10U study team comments 6/15/2018
Revise Main report
D: Main Report, revised & ready for webinar 7/13/2018
Task 8: On-going Public Webinar Presentations for Study
D: Public Webinar Presentation Late July 18
D: Memorandum on Public Webinar Late July 18
Task 9: Final Report Posting
Complete final revisions to report
D: Study team signoff on report
D: Post final report with appendices on CALMAC Late Sept (03) [ 1
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9 APPENDIX B — ESA PROGRAM EVALUATION ISSUES MEMO

Memo to:
Corinne Sierant, Tory Fransisco, Carol Edwards, From: Ken Aghew
Shahana Samiullah, Gred Buchler, Brenda Gettig, MaryDate: 3-15-2017

O’Drain, Peter Fanzese,
Copied to:
Valerie Nibler, Valerie Richardson, Claire Palmgren

Discussion of Research Plan Topics

The purpose of this memo is to discuss three issues relating to the ESA impact evaluation, consider the
options and offer our preliminary perspective on the best approach. These ideas and perspectives are
designed to support a conversation where we will make final decisions.

Customer-Premise vs Premise-level Analysis

This section explains the distinction between these two approaches and zeroes in on the primary area of
concern.

The goal of billing analysis is to control for all non-program-related changes between the pre- and post-
installation periods. If we succeed at this task, the pre-post change in consumption is a reasonable estimate
of program-related change in consumption or savings.

Commonly, billing analysis evaluations limit the analysis to households where the same customer occupies
the house (premise) during the evaluation period (a year worth of data on either side of participation). The
advantage of this approach is that it removes from the regression, premises with (non-program-related)
changes in consumption due to occupancy change. Removing them removes one of the potential
confounding variables for the program effect.

A concern with removing premises with change in occupancy is that the premises with high turnover of
occupants are somehow different than those with no turnover in the period. For single-family, non-low-
income evaluations where turnover occurs in a lower percentage of premises, the removal of premises with
change of occupancy is the norm. In that case, the assumption that premises without occupancy change are
representative of the whole population is generally considered reasonable.

Low-income populations generally have a higher turnover rate and it is harder to assume that there is no
correlation between change in occupancy and the condition of the premise. Removing premises with change
in occupancy will remove a higher percentage of premises and those premises may be different than the
remaining premises in the model. The results of the model based only on premises with full occupancy
through the period may not be appropriate for those premises left out of the model.

For example, houses with change in occupancy could be more likely to have poor insulation/sealing thus
indicating higher savings potential. If these households are removed from the evaluation, then the higher
savings from these higher savings potential premises are not included in the analysis and savings estimates

DNV GL — www.dnvgl.com Page 36





would be reduced relative to if they had been included. Those reduced savings estimates for the fully
occupied subset are then applied to the whole population, including those left out of the regression, to get
overall savings estimates that are downwardly biased.

The alternative approach does not remove households that change occupancy. Two assumptions need to
hold in combination for this approach to provide reasonable results. First, it is helpful to assume that the
change of occupants does not, on average, change consumption levels across the change in occupancy
subgroup. That is, if a family of 6 replaces a family of 4 in one house, that the approximately opposite
effect is happening elsewhere. Second, as households with change in occupancy would also be present in
the comparison group, any underlying trend that did exist would be controlled for by the comparison group.

This approach would allow for the inclusion of more premises, particularly those with changing occupants.
Savings estimates for the program could have slightly lower precision reflecting the additional variability but,
if the above assumptions hold true, would decrease the likelihood of a biased result based on a non-
representative subset of the participant population.

The primary concern with the premise-level approach is not the change in occupancy, specifically, but a
potential byproduct of that process: vacancy. During periods of vacancy, consumption data will not reflect
energy consumption under typical occupied status. As with the inclusion of premises with change in
occupancy, if periods of vacancy are evenly distributed throughout pre- and post- periods for both
participant and comparison groups, then the issue should be moot. However, if there is a correlation
between vacancy and participation then vacancy is problematic. If, for instance, premise owners take
advantage of vacancy to participate in the program and program participation makes it easier to get a new
tenant, then vacancy could affect the estimate of pre-post change in consumption. Vacancy will
disproportionately occur in the pre-program period, depressing pre-period consumption and would tend to
decrease the estimate of savings.

For this analysis, we intend to model all premises that have participated in the ESA program for all time
periods (years or half years depending on monthly or AMI data, respectively) regardless of change of
occupancy. We will flag periods where a change of occupancy occurs. We will be able to run the analysis
Three ways:

e All periods - premise-level

e All periods with just the occupancy change overs removed — Premise level but minimizing the
likelihood of vacancy issue and odd mixed period model results

e Only Premises with single occupant through the evaluation period

This approach will allow us to see how stable the results are with the different approaches. It may also allow
us to determine if there are consistent differences between premises with regular occupancy change or not.

Measure-level Savings

The initial proposal called for measure level savings. The need for measure-level saving estimates was
questioned by Tory Francisco for Energy Division on the Kick-off call. That discussion is still ongoing. These
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comments are intended to clarify what kinds of measure-level estimates are realistic if the decision is made
to pursue them.

Deriving measure-level estimates of savings from a billing analysis leverages the idea that the mix of
measures installed at a premise is correlated with the overall level of savings at the premise. By
incorporating either dummies or ex ante savings estimates into the regression to represent that mix of
measures installed at a premise, the premise-level savings are appropriately allocated on average to the
measures.

This would be a reasonable approach to estimating average savings across the population if underlying
measure savings were consistent regardless of measure mix. The frequency of different measure mixes in
the underlying data would not matter. Also, the measure-level estimates of savings would be appropriate as
an ex ante estimate of savings regardless of the ultimate mix to which the measure-level savings were
applied.

In whole-house retrofits, to the contrary, the expectation is that there will be interaction between measures.
For instance, the combined savings of insulation and a high efficiency AC both installed in a single house wiill
be less than the sum of the measure-level savings from similar houses where only one of the measures is
installed. Developing a single estimate of savings for a measure under a mix of solo and combined
installations is easy to do but difficult to explain. Using the AC/insulation example, a single AC savings
estimate across both solo and combined installations will provide a hybrid estimate of savings. It will be a
combination of the savings from ACs installed alone and a portion of the savings from the premises where
both ACs and insulation were installed together. It is not even just a weighted mean of the two scenarios.
The actual result will depend on the number of household with each measure mix and even how high the
savings estimates are for premises where insulation is installed alone.

The result can appropriately be called an estimate of measure level savings, but the applicability of that
estimate is challenging. It is only a true mean estimate of AC savings for a group of homes receiving the
same proportion of measure mixes with similar insulation effectiveness. If a higher proportion of homes
install the AC without insulation, the estimate will likely by downwardly biased, whereas if only AC/insulation
combinations occur, the estimates, combined with the insulation estimate, will likely be too high.

Measure level estimates of savings are always a mean estimate across a wide range of premises with
different characteristics. As with the discussion of the applicability of DEER estimates to low income
premises, there is always a question of whether the population on which a mean estimate is based is
appropriate for the population to which it will be applied. The challenge of getting valid, informative single
measure savings estimates in an interactive whole-house setting adds a further layer of complexity and
program implementation specificity to those estimates. It's not clear whether this would serve the purposes
of the program or the regulator.

There are ways to, at least, partially address this issue. In the AC/insulation scenario, the regression can be
specified to produce a separate estimate for combined AC and insulation installations. Each of the estimates,
AC, insulation and combined, will be more accurate estimates of measure level savings for that scenario and
will more accurately reflect the savings for comparison to the cost of the measure(s)?®. The expansion of

28 |t is worth noting that in this example the AC- and insulation-only estimates would be similar to the “measure only” estimate used for a prior ESA
evaluation. This example should clarify why AC-only installations are not the appropriate basis for an overall estimate of AC savings.

DNV GL — www.dnvgl.com Page 38





this concept to the full set of measures offered by the ESA program is not possible, but perhaps major
measure combinations with expected interactive effects can have savings estimated in combination. This
will offer a more accurate indication of savings levels, and an estimate that will be less sensitive to program-
specific implementation and, thus, more easily compared year over year.

For this evaluation, we will work with ED and the 10Us to identify the most useful disaggregated estimates

of savings. Our general recommendation is to use premise-level savings and compare those to ex ante
savings at the premise level. Measure level estimate, including combined estimates for interactive measures,
are useful if their limitations are recognized. The right level of grouping can make measure-level estimates
informative for comparison across 10Us, regions and years.

Daily versus Monthly Data

When we submitted the proposal at the beginning of 2016, we specifically focused our efforts on one kind of
data, monthly, because maintaining two different granularities of data for the evaluation did not seem
feasible or reasonable given the budget. Our preference, given the added power of AMI data, would be to
limit this evaluation to AMI data altogether, if that were possible. Our understanding of the scope of AMI
data from other work indicates that we can perform the whole electric analysis using AMI data. Gas AMI
data may be sufficient for some 10Us going forward, but is insufficient for any kind of historical modeling of
gas savings.

We believe that the 10Us will get the greatest value from an evaluation that focuses on only AMI data. The
learning from modeling the historical data on the electric side will be applied to the gas evaluation using
current data and going forward. We will perfect the analysis process on electric data, focusing on daily data,
to start, with the intent of applying these models to daily gas data. This focus will maximize the value of the
AMI data, and set up the evaluation for success going forward.

In contrast, we see limited value in expending the time and budget to set up a parallel process using
historical monthly gas data. These results will have limited ability to inform the daily gas process going
forward. Using monthly models will both severely limit the data support for the site-level modeling but will
also require a different analysis structure to accommodate the minimum year-long period for monthly site-
level modeling. The time spent applying these methods to historical gas monthly data will not produce
results that are applicable for future years of the evaluation.

This will remain an open issue until we have a full understanding of the scope of both electric and gas AMI
data. We look forward to further discussions about how to target AMI data enhance the efficiency of the
analysis.
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10 APPENDIX C — ESA PROGRAM SAVINGS CLAIMS TABLES

This section shows ESA savings claims as reported in the 2015 and 2016 annual reports

Table 7. PY2015 Quantiti of Measures Installed

Appliances

High Efficiency Clothes Washer Each 10,711 533
Refrigerators Each 13,512 15,514 1,267
Microwaves Each 20,168 6,776
Domestic Hot Water

Water Heater Blanket Home 21,825 43 3,501 278
Low Flow Shower Head Home 110,106 349 75,780 5,066
Water Heater Pipe Insulation Home 1,675 114 2,623 213
Faucet Aerator Home 74,653 354 72,440 11,284
Water Heater Repair/Replacement Each 1,508 1,146 1,954
Thermostatic Shower Valve Each 87,495 102,987 3,834
Enclosure

Air Sealing / Envelope Home 70,646 744 59,312 6,354
Attic Insulation Home 6,459 6 5,091 687
HVAC

FAU Standing Pilot Light Conversion Each 100 37
Furnace Repair/Replacement Each 1,963 1 7,128 6,441
Room A/C Replacement Each 1,890 895 72
Central A/C Replacement Each 17 1,796

Heat Pump Replacement Each 62

Evaporative Coolers (Replacement) Each 5,236

Evaporative Coolers (Installation) Each 10,689

Duct Testing and Sealing Home 3,948 2,289 626
Maintenance

Furnace Clean and Tune Home 23,546 3,145
Central A/C Tune-up Home 8,719 3,698 2
Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLS) Each 393,953 267,684 106,484
Interior Hard wired CFL fixtures Each 168,351 2,325
Exterior Hard wired CFL fixtures Each 30,519 2,209 1,082
Torchiere Each 10,492 9,841 5,764
Occupancy Sensor Each 9,809

LED Night Lights Each 55,660
Miscellaneous

Pool Pumps Each 2,150

Smart Power Strips Each 24,670 36,476 14,390
New Measure

AC Time Delay Each 1,790
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Table 8. PY2015 Annual kWh Savinis

Appliances

High Efficiency Clothes Washer Each 2,950
Refrigerators Each 8,854,638 12,007,681 781,846
Microwaves Each 2,667,166

Domestic Hot Water

Water Heater Blanket Home 111,232 3,728 43
Low Flow Shower Head Home 1,105,865 36,654 873
Water Heater Pipe Insulation Home 5,961 9,694 4
Faucet Aerator Home 138,904 56,941 737
Water Heater Repair/Replacement Each -

Thermostatic Shower Valve Each 23,921 11,543
Enclosure

Air Sealing / Envelope Home 373,189 43,586 313,510
Attic Insulation Home 825,908 67,184
HVAC

FAU Standing Pilot Light Conversion Each

Furnace Repair/Replacement Each

Room A/C Replacement Each 372,900 60,608 1,833
Central A/C Replacement Each 1,016 291,815

Heat Pump Replacement Each 42,053

Evaporative Coolers (Replacement) Each 1,440,523

Evaporative Coolers (Installation) Each 4,982,287

Duct Testing and Sealing Home 229,755 37,134 34,881
Maintenance

Furnace Clean and Tune Home

Central A/C Tune-up Home 2,225,658 660,178 511
Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLS) Each 6,303,248 4,449,325 1,856,926
Interior Hard wired CFL fixtures Each 2,693,616 97,627
Exterior Hard wired CFL fixtures Each 1,474,831 77,315 45,433
Torchiere Each 1,166,923 892,044 129,513
Occupancy Sensor Each 1,030,718

LED Night Lights Each 62,399
Miscellaneous

Pool Pumps Each 3,747,898

Smart Power Strips Each 599,481 886,367 352,555
New Measure

AC Time Delay Each 314,893
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Table 9. PY2015 Annual kW Savinis

Appliances

High Efficiency Clothes Washer Each 0
Refrigerators Each 1,203 1,447 92
Microwaves Each

Domestic Hot Water

Water Heater Blanket Home 24 - 0
Low Flow Shower Head Home 140 4 0
Water Heater Pipe Insulation Home 1 1

Faucet Aerator Home 30 7 0
Water Heater Repair/Replacement Each

Thermostatic Shower Valve Each 1
Enclosure

Air Sealing / Envelope Home 72 17 66
Attic Insulation Home 1,045 13
HVAC

FAU Standing Pilot Light Conversion Each

Furnace Repair/Replacement Each

Room A/C Replacement Each 68 9 0
Central A/C Replacement Each 0 45

Heat Pump Replacement Each 19

Evaporative Coolers (Replacement) Each 467

Evaporative Coolers (Installation) Each 769

Duct Testing and Sealing Home 38 6 7
Maintenance

Furnace Clean and Tune Home

Central A/C Tune-up Home 409 102 0
Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLs) Each 804 566 225
Interior Hard wired CFL fixtures Each 343 7
Exterior Hard wired CFL fixtures Each 188 10 3
Torchiere Each 149 115 16
Occupancy Sensor Each 131

LED Night Lights Each 6
Miscellaneous

Pool Pumps Each 1,178

Smart Power Strips Each 81 120

New Measure

AC Time Delay Each 727
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Table 10. PY2015 Annual Therms Savings

Appliances

High Efficiency Clothes Washer Each 330,756 8,073
Refrigerators Each

Microwaves Each 162,987 158,815
Domestic Hot Water

Water Heater Blanket Home 121,100 8,432 125
Low Flow Shower Head Home 590,733 112,242 2,932
Water Heater Pipe Insulation Home 11,376 4,688 6
Faucet Aerator Home 209,441 246,721 3,371
Water Heater Repair/Replacement Each - 3,992 5,386
Thermostatic Shower Valve Each 147,296 246,429 9,049
Enclosure

Air Sealing / Envelope Home 583,058 249,505 14,323
Attic Insulation Home 273,771 136,840 16,881
HVAC

FAU Standing Pilot Light Conversion Each 6,703 4,200 559
Furnace Repair/Replacement Each

Room A/C Replacement Each

Central A/C Replacement Each

Heat Pump Replacement Each

Evaporative Coolers (Replacement) Each

Evaporative Coolers (Installation) Each

Duct Testing and Sealing Home 106,092 35,065 8,836
Maintenance

Furnace Clean and Tune Home 186,223 30,880
Central A/C Tune-up Home

Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLs) Each

Interior Hard wired CFL fixtures Each

Exterior Hard wired CFL fixtures Each

Torchiere Each

Occupancy Sensor Each

LED Night Lights Each

Miscellaneous

Pool Pumps Each

Smart Power Strips Each

New Measure

AC Time Delay Each
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Table 11. PY2016 Quantiti of Measures Installed

Appliances

High Efficiency Clothes Washer Each 6,115 389
Refrigerators Each 8,742 13,694 1,072
Microwaves Each 14,807 6,284
Domestic Hot Water

Water Heater Blanket Home 13,883 36 2,063 286
Low Flow Shower Head Home 79,992 386 66,133 4,891
Water Heater Pipe Insulation Home 1,097 97 1,560 208
Faucet Aerator Home 51,123 356 63,436 10,683
Water Heater Repair/Replacement Each 1,000 924 897
Thermostatic Shower Valve Each 62,890 82,953 3,465
Enclosure

Air Sealing / Envelope Home 48,316 675 53,540 6,786
Attic Insulation Home 4,621 1 3,844 753
HVAC

FAU Standing Pilot Light Conversion Each 33 47
Furnace Repair/Replacement Each 1,230 5,080 3,670
Room A/C Replacement Each 1,440 952 133
Central A/C Replacement Each 1 2,933

Heat Pump Replacement Each 136

Evaporative Coolers (Replacement) Each 3,541

Evaporative Coolers (Installation) Each 10,220

Duct Testing and Sealing Home 3,567 2,864 1,094 461
Maintenance

Furnace Clean and Tune Home 22,694 3,390
Central A/C Tune-up Home 9,070 3 3
Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLs) Each 381,249 287,981 93,078
Interior Hard wired CFL fixtures Each 172,913 2,674
Exterior Hard wired CFL fixtures Each 23,813 2,537 1,422
Torchiere Each 12,282 10,135 6,731
Occupancy Sensor Each 3,020

LED Night Lights Each 53,805
Miscellaneous

Pool Pumps Each 2,426

Smart Power Strips Each 18,964 39,510 13,115
New Measure

AC Time Delay Each 2,780
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Table 12. PY2016 Annual kWh Savinis

Appliances

High Efficiency Clothes Washer Each 2,704
Refrigerators Each 5,728,846 10,562,604 661,210
Microwaves Each 2,199,864

Domestic Hot Water

Water Heater Blanket Home 74,480 3,140 23
Low Flow Shower Head Home 870,808 41,761 894
Water Heater Pipe Insulation Home 4,107 8,284 4
Faucet Aerator Home 110,980 58,705 655
Water Heater Repair/Replacement Each -

Thermostatic Shower Valve Each 16,687 9,452
Enclosure

Air Sealing / Envelope Home 299,418 51,511 337,997
Attic Insulation Home 622,067 73,139
HVAC

FAU Standing Pilot Light Conversion Each

Furnace Repair/Replacement Each

Room A/C Replacement Each 285,394 95,255 3,381
Central A/C Replacement Each 145 542,177

Heat Pump Replacement Each 88,315

Evaporative Coolers (Replacement) Each 988,976

Evaporative Coolers (Installation) Each 4,900,252

Duct Testing and Sealing Home 164,220 74,857 25,687
Maintenance

Furnace Clean and Tune Home

Central A/C Tune-up Home 2,383,649 612 767
Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLs) Each 6,099,984 4,790,106 1,626,672
Interior Hard wired CFL fixtures Each 2,766,608 112,281
Exterior Hard wired CFL fixtures Each 1,150,763 88,795 59,710
Torchiere Each 1,366,528 913,893 150,127
Occupancy Sensor Each 325,452

LED Night Lights Each 60,840
Miscellaneous

Pool Pumps Each 4,228,705

Smart Power Strips Each 460,825 960,005 321,318
New Measure

AC Time Delay Each 543,768
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Table 13. PY2016 Annual kW Savinis

Appliances

High Efficiency Clothes Washer Each 0
Refrigerators Each 779 1,273 78
Microwaves Each

Domestic Hot Water

Water Heater Blanket Home 16 -

Low Flow Shower Head Home 120 5 0
Water Heater Pipe Insulation Home 1 1

Faucet Aerator Home 24 7 0
Water Heater Repair/Replacement Each

Thermostatic Shower Valve Each 1
Enclosure

Air Sealing / Envelope Home 58 17 71
Attic Insulation Home 811 14
HVAC

FAU Standing Pilot Light Conversion Each

Furnace Repair/Replacement Each

Room A/C Replacement Each 52 15 1
Central A/C Replacement Each 84

Heat Pump Replacement Each 40

Evaporative Coolers (Replacement) Each 321

Evaporative Coolers (Installation) Each 756

Duct Testing and Sealing Home 27 12 5
Maintenance

Furnace Clean and Tune Home

Central A/C Tune-up Home 438 0
Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLs) Each 778 609 197
Interior Hard wired CFL fixtures Each 353 8
Exterior Hard wired CFL fixtures Each 147 11 4
Torchiere Each 174 117 19
Occupancy Sensor Each 41

LED Night Lights Each 6
Miscellaneous

Pool Pumps Each 1,329

Smart Power Strips Each 63 130

New Measure

AC Time Delay Each 1,144
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Table 14. PY2016 Annual Therms Savings

Appliances

High Efficiency Clothes Washer Each 188,831 5,821
Refrigerators Each

Microwaves Each 91,357 147,996
Domestic Hot Water

Water Heater Blanket Home 78,946 5,071 135
Low Flow Shower Head Home 419,012 95,048 2,957
Water Heater Pipe Insulation Home 7,337 2,822 6
Faucet Aerator Home 146,551 208,130 2,978
Water Heater Repair/Replacement Each - 3,200 6,079
Thermostatic Shower Valve Each 106,692 193,058 7,978
Enclosure

Air Sealing / Envelope Home 422,615 175,572 17,858
Attic Insulation Home 195,585 102,629 18,044
HVAC

FAU Standing Pilot Light Conversion Each 1,386 710
Furnace Repair/Replacement Each 4,193

Room A/C Replacement Each

Central A/C Replacement Each

Heat Pump Replacement Each

Evaporative Coolers (Replacement) Each

Evaporative Coolers (Installation) Each

Duct Testing and Sealing Home 89,363 16,782 6,550
Maintenance

Furnace Clean and Tune Home 160,169 32,470
Central A/C Tune-up Home

Evaporative Cooler Maintenance Home

Lighting

Compact Fluorescent Lights (CFLs) Each

Interior Hard wired CFL fixtures Each

Exterior Hard wired CFL fixtures Each

Torchiere Each

Occupancy Sensor Each

LED Night Lights Each

Miscellaneous

Pool Pumps Each

Smart Power Strips Each

New Measure

AC Time Delay Each
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11 APPENDIX D — 10U COMMENTS ON DRAFT RESEARCH PLAN AND
EVALUATOR RESPONSES

Analytical approach. The idea to use
cumulative data does not appear to be
part of the plan as anticipated. The
plan seems to deviate what our
expectations as per the SOW and
Original Proposal. The plan seems to
suggest multiple years of analyses to
reestimate savings for those years.
What is expected is to use the prior

This was discussed on the
8-23 call. We will test a

analysis with AMI data (which has not
been done in past) and use “as —
needed” additional funds to
understand issues that may not be
easily explained/examined with the
billing analysis.

1 SCE Overarching | years data in the model(s) to address model pooled across years
the unique needs of this study. and see if it improves the
Specifically, the ability to do measure | quality of estimates
level savings with more data on
measure-bundle mixes from prior
years. Is DNVGL planning to build this
type of cumulative approach in the
routinized evaluation? or is it to do
multiple analyses of the prior years
data for comparative purpose only?
Primary Data Source: Until we saw Discussed on 8-23 call, and
the Research Plan it was not clear monthly was the
DNVGL intended to do the initial/main | conclusion stated by
analyses on monthly data and the use | Caroline in the meeting
of the AMI data appears to repeat or summary. We can do
develop new models with more data. | either but not both before
2 SCE Overarching | It may be more useful to do the main | 3-18. The IOUs agreed that

the most likely path to
successful results by
March 31st is to do the
Phase 1 modeling with
monthly consumption
data.
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Report Deliverables. It would be
useful to see more details on what
specifically we expect to see in the
two report deliverables (and
est/assigned budget). What we are
referring to as (3/18) deliverable and
(3/19?. What details will be included
included estimates by various
household chrateristics? Can you
provide example tables that provide

We've discussed that we
will provide results that
meet all the requirements
set forward in the RFP.
We will develop graphical
output where feasible.
Have the flexibility to
develop a second plan for
the final report will make

E verarchin
3 S¢ Overarching details on the what to anticipat? what | it possible to improve and
fields and supporting data will be re-focus the work
provided, (e.g., what are the consistent with
‘customer level’ data included /what stakeholder interests.
level — as per housing type, HH This was addressed on the
characteristics, what?) Also do you 8/28 call, and will be
foresee any issues or included in the final
concerns/caveats in developing the research plan and budget
plans for the two reports amendment.
independently?
The matching will be
achieved with a
. . combination of
Comparison group. While some e .
. . stratification and
details are not in the plan, the .
. propensity score
accuracy of the evaluation depends on . .
matching. All available
a control group that closely matches - .
characteristics data will be
and represents the treatment group. . .
. . . included either as a
While the rationale for a comparison e .

o stratification variable or an
group that is different than what has ) . .

. independent variable in
been done in the past, see below the brobensity score
additional potential differences that modF:eI P ¥

4 SCE Overarching | may not be accommodated with the '
comparison group as outlined in a .
p. group . An important part of the
premise-level matching of CARE . .

. matching process is
customers (premises?) who are NOT identifving the appropriate
past/future ESA participants and ESA y‘ g pprop

- . set of eligible match
participants (premises?) It would be .
. houses. For instance,
useful to hear DNVGL thoughts on if " " .
. should "go-back" homes in
and how we may consider these HH .
S . Aliso canyon only be
characteristics in developing matched .
comparison samples? matched with homes
' previously visited by ESA.
As discussed elsewhere,
there is a limit to how
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perfectly specified the
match can. The difference
in difference approach
means that we are looking
for changes from pre- to
post- that would have
been similar in the
absence of the program,
and that lowers the risk
associated with a less than
ideal match considerably.

“As Needed” tasks. The original SOW
and the DNVGL Proposal identified the
types of issues appropriate for ‘as
needed tasks’ and a list of possible
tasks to use methods in addition to
billing analysis that will assist in
explaining modeling results that the
study team determines as a priority
understand. Based on prior work,
such possibilities are identified in the

Ultimately, the I0Us will
determine how "as
needed" funds are spent.
As previously identified
issues are found in the

5 SCE Overarchin . . current analysis, we will
g RFP. This version of the Research Plan . y
. . . . discuss addition work to
identifies a different use of the ‘as . .
, address those issues using
needed’ funds and tasks does not N "
. - as needed" funds. The
consider prior issues as part of the . .
. same will occur if new
planning for these tasks (e.g., issues arise
methods/data to assess HH or )
behavior related effects that may
contribute to no savings or negative
savings for some measures,
inconsistent savings across I0OUs, etc).
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Key Objectives. Table 4. Can we map
these objectives to what was outlined
in the RFP. Specifically:

Determine the weather-adjusted
gross energy and demand savings
impacts from measure groups and
their constituent measures installed
for program years 2015, 2016, and
2017. Results should be presented in
aggregate, disaggregated to measure

These were discussed on
the 8/28 call. We will work

6 SCE p.4 level, and in certain limited instances with Loan and Caroline to
(e.g.: E&AS, hot water conservation include this in the final
measures) into measure groups, to research plan
include at a minimum: utility area, fuel
type, housing type and climate zone.

Provide insight and analysis on
factors such as weather, home
ownership versus renters, measure
mixes, and building types affecting the
differences in estimates over time and
across various cohorts
Key Objectives. Table 4. It would also L . .
7 SCE p.4 be useful to map these to the two T.hls will be included in the
. . final research plan
primary report deliverables.
DNV GL intends to develop
Aliso Canyon area results
for comparison with
Key Objectives. Table 4. There is surrounding area savings
little discussion of how DNVGL will estimates. This may have
approach item 4. (Aliso Canyon ramifications for how the
analyses). Given interest in the comparison group for this
savings (or lack there of) based on area is selected. Also, if go-

3 SCE 0.4 program rule changes (e.g., 3MM rule, | backs are included among
go-backs etc.), intel on this topicis of | participants, they could
interest in this proceeding and moving | also be included in the
forward. It would be useful to have comparison group. It may
more discussion on this item and how | be possible to get unique
it impacts the approach savings estimates for Aliso
and/methodology. Canyon participants in

each new sub-group, go-
backs, <3M, etc. That will
depend on numbers.
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Key Objectives. The Decision also
encourages that this Impact
Evaluation examine the application of . .
DEER values to the 2017 ESA program. Already discussed in the
9 SCE p. 4. . research plan.
Some comparison between deemed .
. L See sections 3.5 and 5
and those ascertained via billing
analysis at the measure level would
likely be useful to address this.
Project Planning. Table 5 outlines Yes, thesg tassumptlons are
. for the critical path to the
10 SCE p.5 assumptions for phase one or the .
3/2018 deliverables only, correct? March 31st deliverable.
! ) Table updated for Clarity
Project Planning. Please modify
and/or remove language that
identifies IOUs responsible for
potential risk/delay. A schedule with Clarified wording in
11 SCE p.5
target dates and research plan
needs/responsibilities/expectations
for various entities is reasonable to
include.
Project Planning: Table 5. Table 5
DNV project planning assumptions
include the requirement of variation in
measure-bundle makeup and limited - .
. . This issue was discussed
interactive effects. The RFP and the
, . . on the 8-23 call. DNV GL
DNV’s proposal to include multiple .
. . will attempt a pooled,
program years in the routinized model . .
cross-year analysis and will
set up was to address these very e
. . see if it improves the
issues. In their proposal DNV GL . .
- . estimates of savings.
indicated to develop the basic . .
. . Neither of the issues
12 SCE 5 evaluation process using the data regarding variation and
P- available for 2011 to 2015 8 8 .
. . . . numbers are necessarily
participants. Deviating from inclusion . .
. L solved by the inclusion of
of prior year program participation .
multiple years, and the
and hence measure bundles leaves L .
. . additional complexity of a
this evaluation in the same problems
. L . cross year model may
as it had faced in prior evaluations and . .
. bring new and different
essentially loses the novelty of the challenges
DNV original proposed approach to ges.
routinize the ESA evaluation by
“Maximizing use of empirical data”
(DNV Proposal Page 6).
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Weather Normalization. Use of HDD
and CDD.

The evaluation plan allows for the
determination of HDD and CDD bases
per premise. However, the degree
day basis is highly dependent on
occupant behavior, and thus often
changes with changes in occupancy.
Thus a change in occupancy may serve
as a structural break in the model. It
may or may not be possible to capture
a change in bases (with a change of
occupancy) at a premise, while this
was discussed and the premise-level
approach makes sense, it will be
important to acknowledge this issue
as a potential source of imprecision.
Other things equal, calculating degree
hours using hourly temperatures
provides a more accurate indicator of
daily energy load than a calculation
using daily average temperature. This

Concerns regarding degree
day base in the premise
level approach are valid,
and one of the
unavoidable risks of doing
that approach. Only part
of the set point
determination is
behavioral and thus
optimal degree day bases
may be more stable across
occupants than assumed.
It will be essential to test a
fixed degree day base
approach with the premise
approach to make sure
unexpected results are not
driven solely by this issue
related to change in
occupancy.

re calculated degree days

13 SCE p-9 difference is likely to be particularly using hourly data, we
important for “shoulder” months could test this, but our
where average temperature differs experience does not
from base temperature to a lesser support this. In fact,
degree or in heating months when frequently even when
degree hours are computed at base modeling hourly data,
temperatures lower than 650F daily average temp is a
degrees. For example, using average better basis for modeling
temperature may miss events in some | because it smooths the
hours where temperatures are cold diurnal cycles. It takes
enough to generate HDHs, even more than a few hours
though these events are not counted below 65 for a house to
when the average temperature for the | require heating, and this is
day exceeds the base temperature. the well-founded basis for

The base temperatures used in using average daily temp

the calculation of heating and cooling | for degree days.

degree hours can be understood in

terms of “balance point” Non-linear relationship

temperatures. between temp and

¢ A Heating Balance Point is defined as | consumption do occur but

the outdoor temperature at which are not that common in

heating for a house begins. That is, residential consumption.
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when the outdoor temperature drops
below the Heating Balance Point, the
building’s heating system kicks in.

¢ Conversely, a Cooling Balance Point
is defined as the outdoor temperature
at which cooling for a house begins.
That is, the air conditioning system
begins cooling when the outdoor
temperature rises above the Cooling
Balance Point.

Assuming a base temperature of 65°F
for calculating both heating and
cooling degree hours assumes that
every house requires heating for
temperatures below 65°F and cooling
for temperatures above 65°F.
However, it is more accurate to
recognize that each house has its own
balance points. The balance points for
a house are determined by building
envelope construction (insulation
values, shading, windows, etc.),
temperature set points, thermostat
set back schedules if any, the amount
of heat producing equipment (and
people) in the building, lighting
intensity, ventilation, HVAC system
type, HVAC system schedule, lighting
and miscellaneous equipment
schedules, among other factors.

It is generally recognized that the
relationship between electric loads
and temperatures may be non-linear,
particularly for areas where
temperatures may reach extremes.
Such non-linearity could be accounted
for in regression analysis by including
several heating and cooling degree
variables calculated at different base
temperatures. For example, cooling
degree hours calculated at base
temperatures of both 650F and 900F
could be include to capture the effects
on electricity use for cooling of

This is a non-issue with
monthly data where the
greater issue is whether
there are enough data
points with non-zero
degree days to support a
heating or cooling
estimate. With daily data,
it is a testable hypothesis,
and could be something
that is pursued with "as-
needed" funds. There are
other challenges related to
weather modeling that
could be pursued and
might have a greater
effect on the overall
analysis.
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ambient temperatures above 900F.

HDD/CDD — there has also been some
issues in the past that have led to
certain measures in or out of certain
CZs based on this analysis, but we
know that some CZ’s are much more
variable and warrant review of

Happy to take these kinds
of issues into
consideration. It would be
useful to get a more
complete statement of
IOUs prior learning from

14 SCE weather based on hourly variation ESA evaluations. Some of
rather than daily — essentially to these issues were alluded
understand “need” for certain to in the RFP but that
measures. Is this something you were | context does not lend
thinking about in the context of this itself to figuring out the
project? If not perhaps a best approach. DNV GL s
consideration for an “as needed” task | committed to doing the
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later?

best possible evaluation
that is possible and will
need the I0US assistance
and institutional memory
to make identifying
relevant concerns and
addressing them more
efficiency.

Deliverables. Please explain when
and how individual measure level data
(in conjunction with measure bundle
level data?) will be provided given the
need for program planning

DNV GL cannot commit to
providing individual
measure level savings
estimates for all measures.
This is not necessarily
feasible in a billing analysis
context and it is not a
good use of evaluation

population with both types of data
may not be the best use of the project
time/budget. It was expected the “as
Needed” tasks to address or answer
anomalies and AMI data may/may not
be one of the data source for
addressing anomalies.

15 SCE p. 8 expectations at mid-cycle. The funds to push the data
expectations for the deliverables for beyond its feasible limits.
the 2 reports would benefit from
more details (what are the pieces that | That said, DNV GL has
will be included in ‘customer-level committed to testing the
analyses) estimates of major
measures or measure
bundles, and will provide
results where possible

2019 Deliverables. The plan identifies

AMI analyses as an “as needed” task

for re-running the population

analyses. While the RFP suggested the

use of AMI for some ancillary analyses

on select issues as an option,

16 SCE 0. 10 however, running models for the full Added discussion to

research plan

DNV GL — www.dnvgl.com

Page 56






Comparison Group. As explained, the
control group as CARE pop vs future
treatment group (as has been done in
past) makes sense and may be
improvement on prior approaches
given the current state of the
program; While the overall analyses
will be premise-based, the plan
suggests DNVGL will attempt to match
treatment and control at customer
level --- CARE customers who are not
ESA parts. The plan is somewhat
vague on details (e.g., geography and
other key characteristics”.... “matching
primarily based on consumption data,
identify households with similar
consumption characteristics in the
participant’s pre- participant period”.
It appears 10U, climate zone, and rate
class will be primary basis for
matching? Prior research and
analyses has shown that CARE

DNV GL will use industry
best practice in developing
the comparison groups.
Many of the concerns
discussed here are either
not feasible to address
directly and/or will be
addressed indirectly by the
proposed matching
procedure. For instance, a
house of similar type
facing similar weather that
has a very similar monthly
consumption profile may
have many of the other
characteristics that cannot
be directly controlled for.
the propensity score
model can include any
variables that are available

17 SCE .6,10,19 L for the majority of the
P participants who are NOT ESA . Jority
.. o population. If there are
participants are not necessarily similar
. not batch level data, then
(see for example, 2009 Segmentation, the issue is outside of the
2013 LINA, and 2016 LINA) on other .
. . feasible scope of
household, attitude, demographic or .
. o consumption data
behavioral characteristics — not to .

s Ly analysis.
mention “energy burden” which is a
function of income and bill. CARE i .

L. Also, it is essential to
customers who have not participated .
. . recognize that all non-
in ESA have higher energy burden . .
. . . . time-varying
(higher income and higher bills) (see .
. . characteristics are
also 2013 LINA on issues associated .
N ” . essentially controlled for
with “willingness” and modeling that .
. . L in the pooled approach.
finds more barriers to participating in . .
So, only if these various
ESA that may be relevant to -
. characteristics can be
understand when matching the pops. .
. . shown to correlated with
Higher income, smaller homes, .

. - non-trivial change over
renters, and more mobile participate time. then thev are less of
in CARE but are less interested in ESA. ’ Y .

. . a concern to a difference
Premise-based matching largely on in difference analvsis
consumption, CZ, IOU and rate class y
may not sufficient to match customer-
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level differences between treatment
and control groups (customer level
diffs may not be consistent across the
pops)

Additional discussion on how DNVGL
may handle these issues, if it can be in
the analyses and if not, as part of the
discussion on potential interpretation
of results in reporting will be useful.

Measure Level Analysis. The plan
identifies that results will be
presented as measure bundles. “The
evaluation will not commit a
substantial amount of effort and
budget to producing... individual
measure level savings that roll up to
the overall site-level savings
estimates”. On the other hand, the

We will provide the best
measure and measure-
bundle results we can coax
out of the models. We are
not committed to

18 SCE .17 roviding a savings
P SOW, Proposal and program rules P . 8 &
. estimate for every
need some measure level estimates —
. measure regardless of the
to the best of our ability. It may be . . .
. S information provided by
that some combination of individual .
. the consumption data
measure and bundled measures is
models.
warranted, but the program team
really needs measure level results for
both planning and reporting. Also see
comment #1 on the overarching issue
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with the analytical approach.

Measure Level Analysis. SCE is
interested in understanding how
much cooling (air conditioning)

savings may be attributable to attic
insulation, if possible. SCE installs
attic insulation in VERY few homes, so
this would require analyzing gas
heated homes insulated by SCG. As
single fuel 10U this is of interest. SCE
suspects insulation savings could be
enough to justify SCE insulating more
homes, especially homes located in
hot climate zones which receive non-
IOU gas for heating. Not sure if we
need to restrict the analysis to certain
CZs, but one would expect the
greatest savings from the hotter areas,
CZs 15, 14, 13 (where CACs are
currently authorized), and maybe 10
and 16.

Is this something that may be
accommodated by the current plan?
Task 3. It would useful to see an

20 SCE p. 22 updated/amended research plan prior | Added to research plan
to phase 2 as part of the deliverables.
Task 6. Prior to embarking on Phase
2 or additional tasks, as noted above,
it would be useful to have an
amended project plan that outlined
additional details and work not
included in the current research plan.
This will ensure more consistent
expectations for the 2" phase. see above comment

This is an example of a
useful targeted analysis
guestion that can be
pursued either as part of
the basic analysis or with
"as needed" funds if
warranted.

21 SCE p. 25

Task 7. See above. It would be useful
22 SCE p. 26 to have more details on expectations see comment 44
for the reports. Also, the original RFP
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and proposal included 3 reports, as
per schedule we are only expecting 2
reports. can DNVGL identify budget
implication/savings for reducing core
deliverables.
Please clarify how additional years of We V.VI.“ a(.jd a model
23 SDG&E Overarching | data will be used in the analysis per speC|f|cat|on.th.at
our recent discussion. address‘es this in the
evaluation plan.
AMI data will allow site-
level modeling with daily
data rather than average
daily data based on
monthly reads. The
additional number of data
points should improve the
Please clarify how AMI data may/will weather normalization
24 SDG&E Overarching | be used in the analysis per our recent | process in most instances
discussion. even without changing
model specification. A
number of model
specification options are
available and could be
pursued as possible within
the basic budget or as "as
needed" tasks.
This was discussed during
Please describe what the various th.e 8/28 call. We WI.“ work
25 SDG&E Overarching | deliverables will include (see my note Wlth Loa.m ?nd Caroline to
below at end of these comments). include in final research
plan and contract
amendment
End of 1° paragraph: insert the word .
26 SDG&E 1 energy --“the CPUC’s two main low- This was added to the
. . ” Research plan
income energy assistance programs
End of 3" paragraph: the changes .
27 SDG&E ! described do not take effect until 2017 Addressed in research plan
Footnote 6: the decision referenced is
incorrect. |did not check all the
28 SDG&E 1 fo'otnotes n th‘|s‘document, but since Corrected in research plan
this reference is incorrect there may
be others. Please check all references
and footnotes.
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4™ paragraph: states measure mix Changed to "the mix of
29 SDG&E 1 varies greatly. Suggest changing .measures dePoned and
“greatly” to “somewhat” or installed varries across
“minimally” each IOU"
30 SDG&E 2 Is'?as:tpuanrglg;%ir; the targets do not Noted in the research plan
1** sentence: Decision was not .
31 SDG&E 5 finalized until nov 2016 Reworded for clarity
Please include a description of the
32 SDG&E 11 process and the variables that will be Done above
used to match the comparison group.
These are characteristic
related to model results
over time in the pre-
period. For example, they
could track whether a
premise had reasonably
consistent cooling
2" paragraph: “DNV GL structure in the site-level
33 SDG&E 11 assessment/targeting methods” — model or not. These kinds
explain what this is of data-driven descriptive
assignments will only be
feasible in the premise-
level analysis where
multiple years of data are
available.
- we will remove this
phrase to avoid confusion.
3" paragraph: “matching techniques We will include all
within stratification based on characteristics data that
34 SDG&E 11 geography and other key are reasonably complete
characteristics” — explain what the key | for the population in the
characteristics are. propensity score model.
NAC is defined on Page 8
The acronym NACs is not defined of the research plan.
3 SDG&E 12 specifically. Added a definition at start
of Section 3.4 for clarity
Household characteristics
include any characteristics
Section 4.2 — describe what is included data that arfe available for
36 SDG&E 19 o e the population of
in “household characteristics -
participants and
comparison group eligible
households.
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Added footnote to
research plan

We have performed
account matching for
overlapping service
territories for multiple
evaluations and have an
established process that
we use.

Bullet point and footnote
added to research plan
We will use all available
data from the billing
system to identify MM
premises. We will work
with the I0Us to make
sure we are using their
data correctly in that
respect. Where such data
are not available or
sufficient to identify all MF
premises we may work
with address data to
indicate multiple premises
Describe how you will characterize at a single address. A

38 SDG&E 23 Multifamily status. What about particular challenge for MF
mobile homes? will be determining if the
off fuel is master metered.
Where possible, the
analysis with attempt to
use both gas and electric
data together, in
matching, for instance.
Where this is not possible,
master metered locations,
as an example, the
approach will work with
only the single fuel and
will only match to other
premises with a similar

Describe how you will match accounts

37 SDG&E 23 . . .
in overlapping service areas
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combination of data.

We will identify mobile
homes to the extent
possible with the available
data, and expect to
include house-type,
including mobile homes,
as a stratifying variable in
the matching process

1%t sentence: “additional structural
explanations for consumption change
that could be applied globally”

39 SDG&E 24 Describe what this means and how discussion in section 3.8
you will treat load increasing
measures such as furnace and water
heaters
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“routinized updates to the regression

Once the site-level
modeling, comparison
group development and
second stage modeling are
fully developed then
updates are achieved by
including additional data
within the existing
structure. Testing will be
determined to see if the
original structure is

40 SDG&E 25 results” — please explain how results .
are updated appropnate. for the n.ew .
data. We will determine if,
for instance, new measure
variables need to be
included, and add them.
Using multiple years of
data to inform future
results will also have the
effect of re-adjusting prior
results with the addition of
new data.
“For each program cycle in the 2015 .
41 SDG&E 26 t0 2017 study period...” — this is only | -2n8uage updated in
research plan
one program cycle.
Please map and outline the evolution
of (1) RFP SOW, (2) March Memo and
(3) 8/15 revised project plan? Please
identify what changed and why? The
IOUs may have a strong preference to
go back to the original SOW in terms
42 SoCalGas Overarching | of project scope. If that is the case,
what trade-off should we be looking at
in terms of project schedule and
budget. | believe this comment has
Please specifically address the been addressed in the 8-
requirement to deliver measure level 23 discussion and
saving estimates. comments above
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Matching future program participants
to current program participants have
been problematic for residential
program such as EUC-AHU. It would
seem that DNV-GL would need to

The plan discusses how
propensity models will be
applied within strata
defined by key overarching
variables related to 10U,
housing type and
geography/climate zone.
There is a balance
between strata-level
matching and the
propensity model that is
largely driven by the

43 SoCalGas Overarching control participants propensity to included consumption
match to ensure alignment with data. Too tight strata and
demographic and geographic houses with very different
variables. Can you address this in the | consumption may be
project plan? forced to match. Too few

strata, and houses with
very similar consumption
profiles but of very
different housing types or
geography may prove the
best match. We will follow
industry best practice.
The project was originally
scoped for three phases,
but was reduced to two
The original project plan has three phases following the
phases of billing analysis. You have delayed commission
. reduced this down to 2 phases only. decision. After approval in
a4 SoCalGas Overarching Other than budget and project Nov 2016, the SOW was
schedule considerations, why would signed with the agreed
you do this? upon reduction to two
phases: PY2015 and
PY2016, followed by
PY2017.
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Consumption data analysis
with or without measure
level analysis is not well-
suited to address load
growth. It is considered an
advantage of billing
analysis that it takes into
consideration load
increases like take back,
If one of the key concerns for ESA which genuinely
participant is load growth after undermine savings. Load
45 SoCalGas Overarching participation, ht:':w woulc? I?undled growth associateq with
measure analysis be sufficient to changes that, for instance,
provide insight? (refer to SDG&E fix a furnace that was
comments) previously broken, is a
bigger challenge. These
kinds of changes should be
tracked in program
tracking data so they can
be isolated. A clear
enumeration of measures
that have the potential to
cause this problem should
be provided by the IOUs.
Additional model testing,
AMI data, DEER
It would be helpful to provide an high | comparisons, Aliso canyon
level outline of possible As-Needed work. Surveys to locate
study tasks to provide more definition. | load increase, etc etc. Will
46 SoCalGas Overarching | We are asking for a simple outline of be determined by
possible As-needed tasks to consider preliminary results. IOUs
without budget consideration at this probably have their own
time. prioritized list.
See Task 6 write up in
Section 6.
We can discuss what
actual and TMY/CZ
SoCalGas agrees with SDG&E, why are | weather series are used.
you using the actual historical weather | The typical series need to
47 SoCalGas Overarching | data from the CZ2010? Why don’t we | be consistent across the
use a more update to date weather | state, at the CZ level and
data? derived from the same
stations as the actual data
with which we are doing
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the modeling. Do not
believe such a thing exists.

Would the model/s specification be
static once the model/s has been
setup at the end of phase-1?

There is a desire to improve the model
specification on an iterative basis, give
either 2 rounds regression analysis.
Can you please provide clarification
for your approach? (Please refer to
SCE’s comments)

addressed in discussion of
section 3.5

There are a lot of concerns about your
revised project budget. This budget is
reflects generating fewer deliverables
but at a higher budget total. Can you

49 SoCalGas | Overarching | explain what is happening to the Addressed on 8/28 call.
project budget assumptions? |  Will work with Loan and
Can you also talk about what actions | Caroline to include in final
are required to aggressively mitigate | research plan and contract
the current projected cost overrun? amendment
For the study budget, can you break
out the cost for Phase-1 and Phase-2
reporting separately.

50 SoCalGas Overarching | For the study budget, can you please Addressed on 8/28 call.
identify the final and overall | Will work with Loan and
deliverables. It may be good to | Caroline to include in final
provide a report outline for phase-1 | research plan and contract
delivery vs phase-2 delivery. amendment
Did you budget for the following in
your memo:

(1) Time to support stakeholder | Addressed on 8/28 call.

51 SoCalGas Overarching | engagement, Will work with Loan and
(2) Time to update the project plan | Caroline to include in final
for phase-2 actions at the end of | research plan and contract
phase-1. amendment
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Please characterize Study start delays
correctly. Also: Research Plan overall
52 PG&E Overarching | tone and language identifying IOUs as
solely responsible for all potential
delays and risks should be modified. Editied in research plan
Edit: “Given the delayed adoption of
a final program decision authorizing
this Study leading to delays in
contracting and data transfer, the
evaluation is now focused on
53 PG&E Sec.2, p.3 providing interim results to be
delivered by March 31, 2018, with
an interim report in Q3 2017 and a
final report in 2019. The scope of
the evaluation, as it pertains to these
dates has evolved.” Editied For Clarity
Edit: “The ESA impact evaluation
was delayed for nearly a year after
Sec.2.2 the projgct was initially awar_ded to
54 PG&E 0.5 ’ DNV GL in early 201 6-folowing-the
) due to the delayed adoption of a final
Commission Decision authorizing this
Study in November 2016.” Editied For Clarity
Discussed above. If the
same measures are
installed in combination in
the majority of homes, the
disaggregation of those
savings into measure
specific savings via the
regression is not advisable.
Measure Bundles: Bundling some The disaggreagtion is
measures may make sense, but we driven by the small
want to understand more about what number of sites where the
55 PG&E Sec.3.5 yqu mea_n to be sure your appr_oach WO measures were not
will provide data needed for mid- .
cycle filings as well as regular cPUC | Installed together. These
reporting. households, by the very
fact that they did not have
both measures installed,
may be different and not a
good basis for
distinguishing individual
measure savings out of the
combination. the potential
for measure interaction
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further complicates this
disaggregation.
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12 APPENDIX E — PUBLIC COMMENTS ON DRAFT RESEARCH PLAN
AND EVALUATOR RESPONSES

Questions: The description of
the proposed billing analysis
methodology seems
thorough. The research plan
explains that savings will be
determined for baseload

We will develop estimates of
baseline measures out of the
billing analysis to the extent
possible. If this is not possible to
get reasonable estimates from
the empirical data then options

o What are the expectations
of confidence and precision
in the results that the
proposed billing analysis will
produce? Another way to
frame these question is: Is
the evaluation team
confident that the savings
they are likely to be able to
detect (with reasonable
certainty) energy savings via
the proposed methodology
for both baseload and
weather sensitive measure
bundles? Why?

1 NRDC Overarching | . .. . . are primarily constrained to

(lighting, refrigeration etc.)
second hand sources or further

a.nd wegther related non-statistical, empirical work
(insulation/ HVAC etc.) that is not currently within scope.
measure bundles separately | \ye will assess the options if the
through a difference in billing analysis results are too
differences approach. limited.
¢ NRDC assumes that all -We expect to develop a
participating customer’s bills | comparison group that will be at
will be analyzed least equal in size with the
(understanding that a participant group. The driving
fraction of the bills may be factor will be the size of the
screened out through the eligible non-participant
analysis process) and a population. We will only drop
sample of non-participants below 1:1 if the number of
would determine the reasonable eligible customers is
comparison group. Is this too small.
assumption correct? -In general, the size of the sample
0 What is the expected indicate that precision should be
sample size of the reasonable for household savings
comparison group that DNV | estimates at the IOU level and

5 NRDC Overarching GL expects to analyze? perhaps lower levels of

aggregation (climate zones, etc.).
The number of instances of a
particular measure may be
limited, causing limited precision
for that specific measure level
estimate. It is also worth nothing
that relative precision, which is
relative to the magnitude of the
savings estimate, is a function of
the savings estimate. If the
estimated savings are small,
even an estimate with small
confidence interval may not be
statistically significant.

DNV GL — www.dnvgl.com

Page 70






How does the research team | Customer level results are
intend to interpret premise vs considered the standard results.
customer-premise level If the results differ we will explore
savings estimates (provided | Whether the difference is caused
valid results are obtained in by the additional variation and
both scenarios)? Which possi_ble vacancy issues with the
3 NRDC Overarching | would be proposed as the prem!se results or whether the
ioht answer and why? pren_use_ results appear sound
rg y and indicate that the customer
level results are compromised by
the increased attrition. This will
be a key focus of additional
analysis if this difference comes
to pass.
Suggestion: Once measure
bundle savings have been
estimated, non-interactive Using the ratio of ex ante savings
measure savings estimates is one way to break out savings
for each measure can be used whe.re_there IS n.ot enough :
. to develop ratios to statistical variation to ge_t unique
4 NRDC Overarching disaggregate bundle-savings results from the regression. The
. challenge is that a measure will
to get a rough idea of each likely be part of multiple bundles,
measures contribution to the | 504 the proportional break-out of
bundle. This may be useful savings for the same measure
information for program will be different from the different
planning. bundles.
Comment: The ESA program Evaluating all these goals are out
has multiple objectives, but | of the scope of this impact
this evaluation plan focuses | evaluation. The primary goal of
on only assessing kWh this study is to assess savings
savings estimates. Will impacts. T.hat S"?"d’ the 2nd
studies be commissioned to phase of this project m"?‘Y
study these other objectives? Incoroporate some addl_tlonal
" analyses or data collection
From the research plan: “The | oo 0 niated with results of some
| goals of the ESA programs are | 045 re-specific impacts that
5 NRDC Overarching | to conserve energy, reduce may reflect unusual or
low income customer energy particu|ar|y low Savings
costs and to provide non- estimates. To this end, it may
energy benefits (NEB) such as | provide information to help
improving health, comfort inform further investigation of
and safety. The ESA programs | these objectives.
also provides information and
education to promote energy
efficient practices in low-
income communities”
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Annette
Beitel

Overarching

Low-income Baseline:
Comparison to DEER — Similar
to other jurisdictions,
California does not have a
residential survey focused on
low-income customers. Thus,
there is a dearth of
information on types of
equipment, housing stock,
age and condition of
equipment. The report
proposes to compare
measure-bundle savings to
DEER values for equivalent
measure bundles to try and
infer whether baseline values
might be lower for low-
income customers (if DEER
savings values are lower than
study-estimated savings, then
likely DEER baselines are
higher than baselinesin a
low-income dwelling) (p. 24
of study). | think it would
instead be helpful to collect
baseline data as part of
program tracking, particularly
for high-impact measures.
Since the measures will likely
all, or mostly all, be direct
install it would not be hard
for installers to record not
only what equipment they
install, but also what
equipment they replace, and
the condition of that
equipment.

We support more informative
program tracking data.

Annette
Beitel

Page 29
bullet 5

Low-Income Baseline:
Comparison Of Results to
other Jurisdictions (p.29,
bullet 5) — We've reviewed
over 25 Technical Reference
Manuals from other
jurisdictions, and, like

We support more informative
program tracking data.
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[ |
California, values are
developed for non-low-
income customers. Few have
several values/baselines for
low-income customers. Thus,
comparison of values with
other jurisdictions is likely not
to be helpful. Since measure-
level savings (and even
savings from measure
bundles, not at whole home
level) will be difficult to
determine through end-use
billing analysis, again
recommend seeking to get
data on condition of
dwellings and type/efficiency
of equipment to better refine
estimates for low-income
customers.
Measure level savings and
other parameters (p. 32) -
Phase 1 Deliverables — bullets
4,5, 6 — The deliverables for
Phase 1 include savings
estimates for individual
measures. | suggest adding
the source of the savings
values (calculated, modeled,
data and from where), not
just a list of values
3 Ann'ette Page 32 themselves.. Savings for some
Beitel measures will need to be
differentiated based on
climate zone, building
vintage, etc. It would also be
super-helpful if the
evaluators could provide

Source of savings will be
provided, as will saving estimates
other measure—lgvel . by some cuts such as climate
parameters (besides savings), zone, building type, etc. The

such as cost (incremental or | 5qgitional parameters requested
full measure cost, depending | (in particular, cost and EUL) are
on the measure), expected either out of scope or already
useful life, realization rate. available.
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Annette
Beitel

Page 32

The evaluators could provide
recommended values for
other parameters based on
existing values in California,
secondary research and/or
their best professional
judgment. Having a full set of
measure parameters will
enable measure and program
cost-effectiveness analysis.
Even though cost-
effectiveness is not a
requirement for low-income
programes, it is still a useful
metric to track to ensure
ratepayer funds are spent as
cost-effectively as possible.

We will do our best to provide
reliable measure level results.
Where it is not possible to
develop values based on the
empirical data the original ex
ante values may be the best
estimate of savings.

10

Annette
Beitel

Overarching

Once the Phase 1 report is
complete (March 1), |
recommend that would be a
good time to establish a Cal
TF low-income
subcommittee to review
evaluator-proposed or
developed measure-level
savings values and other
measure-level parameters,
and for Cal TF to
recommend any refinements
in the EM&V approach for
future studies. Please let
me know if your low-income
committee concurs and |
can build this into Cal TF
planning for 2018.

Will discuss this with So Cal Gas

and the ESA study team.
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About DNV GL

Driven by our purpose of safeguarding life, property and the environment, DNV GL enables organizations to
advance the safety and sustainability of their business. We provide classification and technical assurance
along with software and independent expert advisory services to the maritime, oil & gas and energy
industries. We also provide certification services to customers across a wide range of industries. Operating in

more than 100 countries, our professionals are dedicated to helping our customers make the world safer,
smarter and greener.
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