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SCOPING MEMO AND RULING DATED APRIL 18, 2007
The Assigned Commissioner and Administrative Law Judge’s Scoping Memo and Ruling
(ACR) established the first two topics for this rulemaking: 1) establish a comprehensive set of
protocols for estimating the load impacts of demand response programs and 2) establish
methodologies to determine the cost-effectiveness of demand response programs. The ACR then
directed Southern California Edison Company (SCE), San Diego Gas & Electric Company
(SDG&E) and Pacific Gas and Electric Company (PG&E) (together, Joint Utilities) to submit
straw proposals on load impact estimation and cost effectiveness methodology for consideration
in workshops set for July 19-20 and August 1-3. The Joint Utilities submit the straw proposals

for load impact estimation and cost effectiveness methodology attached to this pleading in

compliance with the ACR and the Administrative Law Judge’s May 25, 2007 ruling (Ruling).l/

1/ The ACR set July 13, 2007 as the date for filing the load impact and cost effectiveness straw
proposals. On July 11, 2007, ALJ Hecht granted the Joint Utilities’ request for an extension to
July 16, 2007 and made the extension applicable to other parties who will file straw proposals.



The Ruling states that the major focus of the straw proposals is to develop a useable
overall framework and methodology, and the process should not focus disproportionately on
defining any given input value. (Ruling, page 3) To define the key issues for the Joint Utilities’
straw proposals and to suggest, but not limit, possible approaches for addressing those issues, the
Ruling also distributed a Staff Guidance document. The Staff Guidance includes issue areas that
are contentious and complex, as the Ruling acknowledges in its discussion of the cost
effectiveness straw proposal. The Staff Guidance also requires the straw proposals to include
new, unexplored, difficult areas, especially for load impact estimates from demand response
programs.?

The Joint Utilities’ straw proposals cover all the issue areas identified in the Staff
Guidance, but the depth and degree of sophistication in the straw proposals have been
constrained by the broad span of the issues, their complexity, their novelty in some instances,
and the limited time available to develop the proposals. Therefore the Joint Utilities appreciate
the Ruling’s acknowledgement that additional work will be needed to develop robust protocols
for estimating load impact and to resolve cost effectiveness methodological issues and inputs.
(Ruling, page 3.)

/11
/11

I

2/ Two examples of issue areas (without limitation) that involve uncharted, difficult territory are ex
ante estimation for load impacts and dynamic pricing for cost effectiveness. These required
topics in the Staff Guidance significantly increase the scope and complexity of the straw
proposals, and may require additional time and effort beyond this part of R.07-01-041 to be
developed.



The attached Joint Utilities’ straw proposals are as comprehensive as possible given the

tasks required and the time available. The Joint Utilities respectfully request that the parties and

the Commission recognize that further developments should be expected and allowed for load

impact estimation protocols and cost effectiveness methodologies in the future.
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1 EXECUTIVE SUMMARY

California’s Energy Action Plan (EAP Il) emphasizes the need for demand response (DR)
programs that result in cost-effective savings and the creation of standardized
measurement and evaluation mechanisms to ensure verifiable savings. California Public
Utilities Commission (CPUC) Decision D.05-11-009 identified a need to develop
measurement and evaluation protocols and cost-effectiveness tests for demand response.
On January 25, 2007, the Commission opened a rulemaking proceeding (OIR 07-01-041),
with several objectives, including:*

e Establishing a comprehensive set of protocols for estimating the load impacts of
DR programs;

e Establishing methodologies to determine the cost-effectiveness of DR programs;

In conjunction with this rulemaking, a scoping memo? was issued directing the three
major investor owned utilities (I0Us) in California to jointly develop and submit a *“straw
proposal” for load impact protocols. This report is the Joint IOU Straw Proposal for
Load Impact Estimation for DR Programs. It constitutes the first step in establishing a
comprehensive set of protocols for estimating the load impacts associated with DR
programs.

On May 24, 2007, the Energy Division of the CPUC and the Demand Analysis Office of
the California Energy Commission (CEC) issued a document entitled Staff Guidance for
Straw Proposals On: Load Impact Estimation from DR and Cost-Effectiveness Methods
for DR. The Staff Guidance document indicated that straw proposals should focus on
estimating DR impacts for long-term resource planning.®

Estimating DR impacts for long-term resource planning is inherently an exercise in ex
ante estimation. However, ex ante estimation should, whenever possible, be based on ex
post evaluations of existing DR programs. As such, meeting the Commission’s
requirement to focus on estimating DR impacts for long-term resource planning requires
careful attention to ex post evaluation of existing programs. Consequently, the protocols
and guidance presented here address both ex post evaluation and ex ante estimation of
DR impacts.

While DR programs differ significantly across many factors, one important characteristic,
both in terms of the value of DR as a resource and the methods that can be used to

1 R07-01-041, p.1.

2 Assigned Commissioner and Administrative Law Judge’s Scoping Memo and Ruling, April 18, 2007
® CPUC/CEC. Staff Guidance for Straw Proposals On: Load Impact Estimation from DR and Cost-
Effectiveness Methods for DR. May 24, 2007. p.10.
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estimate impacts, is whether the resource is tied to a specific event, such as a system
emergency or some other trigger. Event based programs include critical peak pricing,
direct load control and autoDR. Non-event based programs include traditional time-of-
use rates real time pricing and permanent load shifting through technology such as ice
storage.

Load impact estimation protocols dictate what must be done. They could focus on the
output of a study, defining what must be delivered, on how to do the analysis, or both.
The protocols provided in this report focus on what impacts should be estimated, what
issues should be considered when selecting an approach and what to report, not on how to
do the job.

The best approach to estimating impacts is a function of many factors— program type,
target market, program size, available budget, the length of time a program has been in
effect, available data, and the purposes for which the estimates will be used. Dictating
the specific methods that must be used for each impact evaluation or ex ante forecast
would require an unrealistic level of foresight, not to mention dozens if not hundreds of
specific requirements. More importantly, it would stifle the flexibility and creativity that
IS so important to improving the state of the art.

On the other hand, there is much that can be learned from previous work and there are
significant advantages associated with certain approaches to impact estimation compared
with others. Furthermore, it is imperative that an evaluator have a good understanding of
key issues that must be addressed when conducting the analysis, which vary by program
type, user needs, and other factors. As such, in addition to the protocols, this document
also provides guidance and recommendations regarding the issues that are relevant in
specific situations and effective approaches to addressing them.

The protocols discussed here describe the minimum requirements that must be met for
impact estimation and consist of the following elements:

e The impact measures and associated statistics that must be produced
e The day-types and other time periods for which the measures must be reported

e Additional data that must be reported in order to understand and interpret the
estimated impacts, such as weather, event characteristics and the like

e Statistical measures that must be reported in order to provide insight regarding
bias and precision associated with the evaluation and sampling methodologies
employed to develop the impact measures.

Separate protocols are provided for ex post evaluation of event based programs, ex post
evaluation of non-event based programs and ex ante estimation for all programs, although
the differences across the three categories are relatively minor. In general, the protocols
require that:

DR Load Impact Joint IOU Straw Proposal 2
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e Impact estimates be provided for each of the 24 hours on various event day types
for event based programs and other day types for non-event based programs

e Estimates of the change in overall energy use in a season and/or year be produced

e Uncertainty adjusted impacts be reported for confidence levels of 10, 50 and 90
percent, reflecting the uncertainty associated not only with model parameters but
also uncertainty in key drivers of demand response, such as weather.

e Output be provided in a common format, as depicted in Table 1-1 for ex post
evaluation. A slightly different reporting format is required for ex ante
estimation.

e Impact estimates be provided for each day type indicated in Table 1-2

e Various statistical measures be provided so that reviewers can assess the
accuracy, precision and other relevant characteristics of the impact estimates

e Ex ante estimates be based on relevant ex post evaluations whenever possible,
even if it means relying on studies from other utilities or jurisdictions.

The protocols in this straw proposal are focused on reporting requirements for resource
planning in the future and may not be appropriate or feasible for other reporting
requirements of demand response load impacts.

DR Load Impact Joint IOU Straw Proposal
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Table 1-1
Required Reporting Format for Ex Post Impact Estimates
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Uncertainty Adjusted Energy Impacts

Reference
Energy Use

Observed
Energy Use

Change in Energy
Use

Degree Hours
(Base 75)

10th Percentile

50th Percentile

90th Percentile

Day
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Table

1-2

Day Types to Be Reported for Each DR Program Type

Event Based Programs

Non-Event Based Programs

Day Types Sorcng | Gonor | CAREOR | g | Schecuea OR 1
Ex Post Day Types
Each Event Day X X
Average Event Day X X X
Average Weekday Each Month X
Monthly System Peak Day X
Ex Ante Day Types
Typical Event Day X X X
e x | x| x
Mont_hly Sysem Peak Day X X
(1-in-2 Weather Year)
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2 BACKGROUND AND OVERVIEW

2.1 Background

Demand response programs are an essential element of California’s resource strategy, as
articulated in the State’s Energy Action Plan 1l (EAP I1). EAP Il has determined how
energy resources should be deployed to meet California’s energy needs and ranks DR
programs second in the “loading order” after energy efficiency programs. The EAP Il
emphasizes the need for DR programs that result in cost-effective savings and the
creation4of standardized measurement and evaluation mechanisms to ensure verifiable
savings.

California Public Utilities Commission (CPUC) Decision D.05-11-009 identified a need
to develop measurement and evaluation protocols and cost-effectiveness tests for demand
response. That decision ordered CPUC staff to undertake further research and
recommend to the Executive Director whether to open a proceeding to address these
issues. Commission staff recommended opening a rulemaking, which the Commission
did on January 25, 2007. The objectives of OIR 07-01-041 are to:°

e Establish a comprehensive set of protocols for estimating the load impacts of DR
programs;

e Establish methodologies to determine the cost-effectiveness of DR programs;
e Set DR goals for 2008 and beyond, and develop rules on goal attainment; and

e Consider modifications to DR programs needed to support the California
Independent System Operator’s (CAISO) efforts to incorporate DR into market
design protocols.

As indicated in the ruling, it is expected that the load impact protocols will not only
provide input to determining program cost-effectiveness, but will also assist in resource
planning and long-term forecasting.®

On April 18, 2007, the Assigned Commissioner and Administrative Law Judge’s Scoping
Memo and Ruling indicated that the three major investor owned utilities in California
must jointly develop and submit a “straw proposal” for load impact protocols. This
report is the Joint IOU Straw Proposal for Load Impact Estimation for DR Programs. It
constitutes the first step in establishing a comprehensive set of protocols for estimating
the load impacts associated with DR programs.

* R07-01-041, p.2.
® R07-01-041, p.1.
® Ibid. p.2
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On May 3, 2007, the Commission held a workshop on load impact estimation protocols.
At the workshop, the joint utilities indicated that there were many potential applications
of impact estimates for demand response programs, including:

e Ex post impact evaluation

e Monthly reporting of DR results

e Forecasting of DR impacts for resource adequacy

e Forecasting of DR impacts for long-term resource planning

e Forecasting DR impacts for operational dispatch by the CAISO

e Estimation for customer settlement/reference level methods (e.g., payment of
incentives) in conjunction with DR program deployment.

The joint utilities also indicated that the relevant issues that must be addressed and the
methodologies that can be used vary across applications and attempting to address all of
these issues and methods would be extremely difficult in the short time frame allowed for
development of the protocols. The joint utilities asked for a more phased approach to
protocol development and for guidance and clarification regarding priorities and scope.

On May 24, 2007, the Energy Division of the CPUC and Demand Analysis Office of the
CEC issued a document entitled Staff Guidance for Straw Proposals On: Load Impact
Estimation from DR and Cost-Effectiveness Methods for DR (hereafter referred to as the
Staff Guidance document). The Staff Guidance document indicated that the schedule
could not be relaxed and that the focus of the straw proposals should be on estimating DR
impacts for long-term resource planning.’

Estimating DR impacts for long-term resource planning is inherently an exercise in ex
ante estimation. As indicated in subsequent sections, ex ante estimation should,
whenever possible, be based on ex post evaluations of existing DR programs, as
empirical evidence, properly developed, is almost always superior to theory, speculation,
market research surveys, engineering modeling or other ways of estimating what impacts
might be for a specific program. As such, meeting the Commission’s requirement to
focus on estimating DR impacts for long-term resource planning requires careful
attention to ex post evaluation of existing programs. Consequently, the protocols and
guidance contained in the remainder of this report address both ex post evaluation and ex
ante estimation of DR impacts.

" CPUC/CEC. Staff Guidance for Straw Proposals On: Load Impact Estimation from DR and Cost-
Effectiveness Methods for DR. May 24, 2007. p.10.
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2.2 Taxonomy of Demand Response Programs

There is a wide variety of DR programs that are currently in place in California (and
elsewhere) and many different ways to categorize them. While DR programs differ
significantly across many factors, one important characteristic, both in terms of the value
of DR as a resource and the methods that can be used to estimate impacts, is whether the
resource is tied to a specific event, such as a system emergency or some other trigger.
Event based programs include critical peak pricing, direct load control and autoDR.
Non-event based programs include traditional time-of-use rates real time pricing and
permanent load shifting through technology such as ice storage.

In addition to whether or not a program is event based, there are other characteristics of
interest, such as whether or not a program uses incentives or prices to drive demand
response and whether impacts are primarily technology driven, purely behaviorally
driven or some combination of the two. The Staff Guidance document suggested a
taxonomy of DR programs consisting of six broad categories. We found these six
categories to be useful, but reclassified them into two broad groups distinguished by
whether or not the programs are event based.

Event based programs include:

e Event-based Pricing—This program category includes prices that customers
can respond to based on an event, i.e., a day-ahead or same-day call. This
category could include many pricing variants such as critical peak pricing or a
schedule of prices presented in advance that would allow customers to
indicate how much load they will reduce in each hour at the offered price
(e.g., demand bidding). The common element is that these prices are tied to
called events by the utility, DR administrator or other operator.

Direct Load Control—This category includes mass-market programs such as a/c cycling
as well as large customer programs such as auto-DR. The common thread is that load is
controlled at the customer’s site for a called event period through a signal sent by an
operator.

e Callable DR—This category is similar to direct load control but, in this case,
a notification is sent to the customer who then initiates actions to reduce loads,
often by an amount agreed to in a contract. The difference is that load
reduction is based on actions taken by the customer rather than based on an
operator-controlled signal that shuts off equipment. Interruptible and
curtailable tariffs are included in this category.

Non-event based programs include:

e Non-event based pricing—This program category includes TOU, RTP and
related pricing variants that are not based on a called event—that is, they are in
place for a season or a year.

DR Load Impact Joint IOU Straw Proposal 8
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Scheduled DR—There are some loads that can be scheduled to be reduced at a regular
time period. For example, a group of irrigation customers could be divided into five
segments, with each segment agreeing to not irrigate/pump on a different selected

weekday.

e Permanent load reductions and load shifting—Permanent load reductions are
often associated with energy efficiency activities, but there are some technologies
such as demand controllers that can result in permanent load reductions or load

shifting. Examples of load shifting technologies include ice storage air

conditioning, timers and energy management systems.

Tables 2-1 through 2-3 show how the existing portfolio of DR programs for each IOU
map into the taxonomy.

Table 2-1

PG&E DR Programs By Category

Event Based Programs

Non-Event Based Programs

Target Market ) Non-event Permanent
Program Name :
g Segment EvenF l_oased Direct Load Callable DR Based Scheduled Load
Pricing Control - DR -
Pricing Reductions
E-CPP (Voluntary
Critical Peak Pricing) cal X
E-CBP (Capacity
Bidding Program) cal X
E-BEC (Business
Energy Coalition) cal X
E-DBP (Demand
Bidding Program) cal X
TOU (Time-of-Use I
Pricing) Residential / C&I X
E-RSAC (Residential Residential
Smart A/C Program) X
E-CSAC (Commercial
Smart A/C Program) cal X
DR-RFP cél
E-NF (Non-firm Rate
Schedule) cal
E-B_IP (Base cal
Interruptible Program)
E-SLRP (Scheduled
Load Reduction C&l X
Program)
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Table 2-2

SCE DR Programs By Category

Event Based Programs

Non-Event Based Programs

Target Market . Non-event Permanent
Program Name -
9 Segment Even_t pased Direct Load Callable DR Based Scheduled Load
Pricing Control g DR .
Pricing Reductions
CPP (Critical Peak
Pricing) cal X
DBP (Demand Bidding
Program) cél X
CBP (Capacity Bidding
Program) c&l X
TOU (Time-of-Use I
Pricing) Residential / C&l X
RTP (Real-time Pricing) Cé&l X
SDP (Summer Discount I
Plan) Residential / C&l X
AP-I (Agricultural and
Pumping Interruptible Cé&l X
Program)
Automated DR C&l X
OBMC (Optional Bindingjl
Mandatory Curtailment) c&l X
BIP (Base Interruptible
Program) cal X
I-6 Large Power
Interruptible Program c&l X
SLRP (Scheduled Load cal
Reduction Program) X
EnerNOC Contract X
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SDG&E DR Programs By Category

Table 2-3

Event Based Programs

Non-Event Based Programs

Target Market . Non-event Permanent
Program Name :
9 Segment EvenF pased Direct Load Callable DR Based Scheduled Load
Pricing Control - DR )
Pricing Reductions
CPP (Critical Peak
Pricing) cal X
CPP-E (Critical Peak
Pricing - Emergency) cal X
DBP (Demand Bidding
Program) cal X
Peak Generation cal
Program
Summer Saver Program]  Residential X
Smart Thermostat Residential X
CleanGen Generator
Program cal X
CBP (Capacity Bidding
Program) cél X
OBMC (Optional Binding cal
Mandatory Curtailment)
BIP (Base Interruptible cal
Program)
Peak Day Credit
Program cél X
SLRP (Scheduled Load cal
Reduction Program) X

2.3 Purpose of this Document

Protocols outline what must be done. Protocols could focus on the output of a study,
defining what must be delivered, on how to do the analysis, or both. The protocols

provided in this report focus on what impacts should be estimated, what issues should be
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considered when selecting an approach and what to report, not on how to do the job. The
goal is to ensure that the impact estimates provided are useful for planners and operators
and that the robustness, precision, and bias (or lack thereof) of the methods employed is
transparent.

The best approach to estimating impacts is a function of many factors— program type,
target market, program size, available budget, the length of time a program has been in
effect, available data, and the purposes for which the estimates will be used. Dictating
the specific methods that must be used for each impact evaluation or ex ante forecast
would require an unrealistic level of foresight, not to mention dozens if not hundreds of
specific requirements. More importantly, it would stifle the flexibility and creativity that
is so important to improving the state of the art.

On the other hand, there is much that can be learned from previous work and there are
significant advantages associated with certain approaches to impact estimation compared
with others. Furthermore, it is imperative that the evaluator have a good understanding of
key issues that must be addressed when conducting the analysis, which vary by program
type, user needs, and other factors. As such, in addition to prescribing the deliverables
that must be provided with each evaluation, this report also provides guidance and
recommendations regarding the issues that are relevant in specific situations and effective
approaches to addressing these issues.

The Protocols in this straw proposal require significant effort that may not always be
justified for meeting the needs of a DR report by the IOUs and may not be feasible in the
near term. The 10Us should be allowed discretion and flexibility to only use those parts
of the protocols that are needed to meet specific information needs (as interim
approaches). For example, there may not be adequate time to do all that is specified or
all of the inputs needed may not be available at a reasonable cost. These protocols
provide the ideal product when time and resources allow. And they provide guidance that
should be followed to the fullest extent practicable consistent with the business needs of
the 10Us.

2.4 Report Organization

The remainder of this report is organized as follows. Section 3 provides an introduction
to evaluation planning and the technical issues that are addressed in greater detail in
subsequent sections. Sections 4, 5 and 6 contain the protocols associated with ex post
evaluation for event based programs, ex post evaluation for non-event based programs,
and ex ante estimation for both event and non-event based programs. These sections also
contain detailed discussions of the issues and methods that are relevant to each category
of impact estimation. Section 7 contains a discussion of some of the issues and
challenges associated with estimation of DR impacts for portfolios of DR resources.
Section 8 provides an overview of sampling issues and methods, and section 9 contains
reporting protocols.

DR Load Impact Joint IOU Straw Proposal 12
July 16, 2007



3 EVALUATION PLANNING

Deciding on the best approach to fulfilling the output and reporting requirements
associated with these protocols, and other relevant internal or external needs, requires
careful planning. Some things are under an evaluator’s control (e.g., methodology), some
may be influenced by the evaluator (e.g., budget, schedule) and some are simply given
(e.g., program, population and event characteristics in ex post evaluation). The optimal
plan must take all of these factors into consideration in order to do the best job of
producing unbiased impact estimates given the available budget, schedule, data and other
factors over which the evaluator has no control.

This section provides an overview of some of the key issues that influence impact
evaluation planning.

3.1 Understanding DR Impacts and Benefits

Impact evaluations of energy efficiency (EE) programs have been conducted for decades
and there is a rich literature concerning how to approach energy efficiency impact
estimation. However, there are important differences between demand response and
energy efficiency impact estimation, which must be understood in order to determine
how best to address the challenges associated with demand response impact estimation.

One important difference between EE and DR impact estimation stems from the fact that
the operation of DR programs and the impacts and value associated with DR programs
can vary significantly by time of day, day of week, and season. As such, impact
estimates must be time-specific. For most DR programs, impacts should be measured in
each hour over some relevant period of the day or day of the week. For others, tracking
impacts at sub-hourly intervals as small as 10 or 15 minutes may be necessary.
Determining the impact of DR programs on overall energy use may also be important for
cost-effectiveness analysis and policy making. Thus, estimating the change in energy use
on a daily, monthly and/or annual basis is an important requirement of impact evaluation.

Another important difference is that demand response impacts are more behaviorally
driven than are energy efficiency impacts. Many EE programs provide incentives for or
otherwise influence the purchase of more efficient equipment. While impacts from
implementing such measures will vary somewhat from customer to customer based on
variation in usage and equipment ownership, this variation is small relative to, for
example, variation in behavioral response to price signals. The fact that impacts from
some DR programs are based entirely on the behavioral response of customers to price
signals or other economic incentives, and that this behavioral response can vary
significantly across participants in a program and across program events, has implications
for program planning, sample sizes, estimation methodology (e.g., engineering based
methods are much less relevant for behavioral DR estimation), persistence and other key
issues.
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With EE impact estimation, free riders are defined as those customers that would have
implemented a measure in the absence of the EE program stimulus. A significant
challenge with EE impact estimation is determining what customers would do in the
absence of the program—that is sorting out the difference between gross impacts and net
impacts. This type of free ridership, which is key to EE impact estimation, is not very
relevant to impact estimation for most DR programs as few customers would reduce their
load during DR events in the absence of the stimulus provided by the DR program. On
the other hand, there is another form of free ridership that is relevant to DR impact
estimation which stems from the participation of customers who do not use much
electricity during DR event periods. This type of free rider is also referred to as a
structural benefiter. An example of a structural benefiter is a customer who volunteers
for a CPP tariff that does not have air conditioning or typically does not use air
conditioning during the critical peak period or someone who operates the unit manually
and only turns it on when they come home in the evening. Participation by structural
benefiters can be viewed as simply reducing historical cross subsidies inherent in average
cost pricing. Nevertheless, for some program types, addressing this form of free ridership
in impact estimation can be both important and difficult.

One of the most important factors that must be considered when estimating DR impacts is
the inherent uncertainty associated with electricity demand, and, therefore, DR impacts.
As indicated above, electricity demand/energy use varies from customer-to-customer and
within customer from time-to-time based on conditions that vary systematically with
weather, time of day, day of week, season and numerous other factors. As such,
electricity demand/energy use is a random variable that is inherently uncertain.

This, combined with the fact that electricity must be produced when it is needed, is one of
the primary reasons why demand response is important. The inherent uncertainty
associated with electricity demand poses serious challenges for system operators (who
must schedule sufficient generating resources to meet projected demand in the short term)
and for system planners (who are responsible for ensuring that sufficient generation,
transmission and distribution resources are available in the long run to meet projected
demand).

Demand response programs are designed to change the timing of electric demand/energy
use (lowering it during peak periods) by transmitting changes in prices, load control
signals or incentives to customers that reflect the differences in production and
distribution cost that occur under different system conditions. These programs can have
the effect of reducing the inherent uncertainty in electric demand/energy use thus
producing significant benefits for system operators and reducing the cost of capital
investment and system operations.

However, like electric demand, demand response is a random variable and thus it also is
inherently uncertain. That is, the quantity of demand response that can occur varies from
customer-to-customer and within customer from time-to-time based on conditions that
vary systematically with weather and other factors. To take advantage of demand
response as a means to reduce inherent uncertainty about electric loads, it is necessary to
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carefully describe the variation that exists for demand response impacts. Unless this is
done, it is arguable that demand response programs actually could add to the uncertainty
about system loads, thus making system operations and planning even more difficult.

For purposes of evaluating the usefulness of demand response in the context of system
operations, it is not enough to know that customers in a given demand response program
will reduce their demand during an event occurring under some set of environmental
conditions by x kW on average. Instead, what the operator needs to know is: what is the
load reduction that can be expected to occur with a probability of y (e.g. 90%); at a
certain time t (e.g., 2 pm); within what time frame w (e.g., instantaneously, within 10
minutes, 30 minutes, two hours or next day); and over what duration d (e.g., 2 hours, four
hours, etc.). Variations in load impacts resulting fromy, w, t and d are all sources of
uncertainty.

In light of the above, it is not sufficient to know the mean or median impact of a DR
program—it is also necessary to know how much reduction in energy use can be
expected for a DR event under varying conditions at different confidence levels. For ex
post evaluation, uncertainty is largely tied to the accuracy and statistical precision of the
impact estimates. For ex ante estimation, uncertainty also results from the inherent
uncertainty in key variables such as weather and participant characteristics that influence
the magnitude of impacts. A key difference between DR impact protocols and the
California EE impact protocols is the need for uncertainty adjusted impact estimates.

3.2 Understanding What Is Needed

Once a decision is made to conduct an evaluation or produce an ex ante forecast, the
initial requirement for evaluation planning is to understand what is needed by those who
will use the results. These protocols outline the minimum requirements for ex ante and
ex post estimation, defined in terms of day types, time periods and percentiles. These
requirements are designed to address questions about what the impacts were over the
historical evaluation period, what they are likely to be under different conditions that may
or may not have been observed during the evaluation period (e.g., a 1-in-2 weather year),
and what they might be as program and participation characteristics evolve over some
future period. They are focused on the needs of a relatively broad audience, including
regulators and managers who want to know whether impact goals were met in the past
(and if not, why not) and whether program net benefits are positive or negative. The
protocols are also designed to help resource planners develop cost-effective plans that
optimally balance supply and demand-side options, taking into consideration the risk and
uncertainty associated with each resource option.

There are other users and applications of DR impacts that may influence the evaluation
plan. For example, program implementers may be concerned with how ex post impact
estimates compare with estimates used for customer settlement. This need might require
additional analysis that would otherwise not be necessary. It could also influence the
methodological approach, although it is important that any such need not lead to
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methodological choices that negatively impact the primary objective of producing
accurate estimates of program impacts for cost-effectiveness analysis and long-term
resource planning.

In addition to assessing what is needed by a potentially diverse user community,
evaluation planning must also consider the level of precision that is required. These
protocols do not dictate precision levels as both the desirable and achievable levels of
precision are a function of various factors, including program size (both in terms of
demand reductions as well as number of participants), budget, customer mix (e.g., large
versus small, homogeneity versus heterogeneity, etc.), and others.

Still another user-driven consideration is the need for estimates associated with day-types
and/or hours that differ from those that are outlined below. The output requirements
described below are demanding, but still try to strike a balance between the diversity of
potential user needs and the work required to meet the needs of all potential users. In the
ideal world, resource planners would probably prefer impact estimates for all 8,760 hours
in a year under an even wider array of weather and event characteristics than those
included in these protocols. For selected, very large programs, or one-off evaluations,
this added specificity might be justified and achievable. The evaluator must take these
possible needs into consideration when developing an evaluation plan.

Another important consideration is the potential need for geographic specificity. The
magnitude of DR impacts will vary by climate zone and participant concentration, and
the value of DR varies according to location-specific transmission and distribution
bottlenecks and the juxtaposition of load pockets and supply resources. Program
planners may want to know the relative magnitude of DR impacts by climate zone and
customer characteristics so they can target future marketing efforts. Resource planners
may want to know DR impacts for different geographic regions that are dictated by the
layout of generation, transmission and distribution resources. Both for planning and
operational purposes, the CAISO may want to know how DR impacts vary by as many as
30 regions throughout the state. The need to provide impact estimates for various climate
zones or other geographic sub-regions will, at a minimum, affect the sampling strategy
and sample sizes required for impact estimation. It could also influence methodology,
since additional variables may need to be included in the estimation model in order to
determine how impacts differ with variation in climate or population characteristics
across geographic regions.

In short, evaluation planning must begin with a thorough assessment and understanding
of the needs of the people who will use the impact estimates. Important considerations
over and above those that are required by these protocols include any additional
applications for which the impact estimates will be used, the desired level of precision,
additional ex ante scenarios (e.g., day types) and geographic specificity.
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3.3 Ex Post Versus Ex Ante Estimation

Another critical consideration in evaluation planning is whether or not ex ante estimates
are needed. There are methodological options that are quite suitable for ex post
evaluation, but have limited value in generating ex ante estimates. For example, for an
event-based program, estimating a reference value based on usage on some set of prior
days (referred to as a day-matching methodology) may be quite suitable for ex post
evaluation. However, on its own, this method may not be useful for estimating how
impacts might change on a day with weather conditions that differ from those that
occurred during the historical period. Day-matching methods are also not suitable for
predicting impacts resulting from changes in customer population characteristics. Ex
ante estimation requires methods that correlate impacts with changes in weather and
customer characteristics unless loads are not affected by these variables (in which case ex
post impacts can be used for ex ante estimation purposes). Whenever possible, ex ante
estimation should always begin with ex post evaluation but ex ante estimation places
additional demands on the approach that aren’t necessary if only ex post estimates are
needed.

3.4 Program Life Cycle Considerations

Many of the current DR programs in California are in different stages of development.
Some are brand new and have little or no history, while others have been in place for a
number of years. Among the latter, some are relatively stable while others are rapidly
expanding or evolving in other ways. Evaluation options and requirements will vary
depending on how long a program has been in place, how stable it has been in terms of
participation and program features, the number of participants in the program, and
whether key factors are expected to change in the future. Program life cycle is a key
consideration in evaluation planning.

For example, at one extreme is a brand new program. In this situation, ex post evaluation
of a utility’s own program participants is not an option. Consequently, the evaluator must
look for similar programs, both inside and outside of the utility’s service territory, that
can be used as starting values. Ideally, it will be possible to adjust these borrowed
estimates for differences in program or population characteristics (e.g., difference in air
conditioning saturations or climate or differences in price differentials for price-based
programs).

At the other extreme would be a program that has been in place for a number of years
during which program and population characteristics have changed little. This type of
program should provide a very robust database that would allow, at a minimum,
relatively precise ex post impact estimates. However, depending on the nature of the
program, even these circumstances could provide challenges for ex ante estimation if, for
example, the program is only operated under emergency conditions and only a few events
have been called. In this situation, one might be able to develop precise estimates of the
impacts that occurred for the events that were called, but it could be difficult to develop
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ex ante forecasts for day types that did not occur during the historical period, as there
might not be enough variation in event characteristics over the program history to allow
for estimation of the relationships that are needed to provide such predictions.

In between the above extremes are programs that have seen a good deal of change over
their history or for which significant changes are planned in the future. In these
circumstances, it could be useful to base ex ante estimates on a combination of ex post
evaluation, estimates from other programs that are more similar to where the program is
headed than where it has been, and a solid dose of evaluator judgment.

In short, program life cycle—where a program has been, where it is now and where it’s
headed—is a key consideration in evaluation planning.

3.5 Program Size

Program size is an important consideration in terms of developing an approach that
balances the level of effort and evaluation budget with the relative importance of a
program in a Company’s overall DR portfolio. A program that is expected to produce
200 MWs of demand response deserves more attention and budget than one that is
expected to produce 2 MWs of demand response. Programs that have thousands or
hundreds of thousands of participants will require more resources, and allow for more
robust investigations, than one that has a few dozen participants. Program size, measured
both in terms of expected impact as well as number of participants, is an important
determinant of the methodology that can and should be used for impact evaluation and
estimation.

3.6 Mass Market Versus Large C&l Programs

To date, most DR programs in California have been focused on large C&I customers
rather than mass market residential and small C&I customers. As advanced meters are
more widely deployed, the penetration of demand response among smaller consumers is
likely to increase. Issues that affect program planning vary significantly across these
broad customer categories.

For large C&I customers, it is often possible and almost always preferable to use data
from all program participants. Most of these customers already have interval meters. For
both of these reasons, technical issues arising from sampling are largely irrelevant. On
the other hand, the significant heterogeneity of this customer segment introduces a
number of challenges, including the possibility that load impacts from a few very large
consumers can dominate program impacts, thus increasing inherent uncertainty. There
may also be challenges associated with the possibility that certain tariffs are mandatory
for this segment (e.g., mandatory TOU rates), which means that it may be difficult to
develop a control group of customers against which load shapes can be compared in order
to estimate impacts.
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With the mass market customers, the need for sampling is much more likely, and there
are many issues associated with sample design that must be addressed. On the other
hand, the fact that you may have many more customers to work with can also be
advantageous, in that it provides a robust source of data that can allow for a rich
exploration of the underlying causes of demand response. It also can provide more
precise estimates of DR impacts that are not subject to wide variation due to the
behavioral fluctuations for a few dominant consumers.

3.7 Evaluation Today and Evaluation Tomorrow

A final consideration in evaluation planning involves understanding what is possible or
cost effective today versus what may be possible or at least less expensive when the
metering and communication infrastructure has evolved to the point where all consumers
have interval meters that can be remotely read. As indicated in subsequent sections, there
are challenges associated with the fact that load data often doesn’t exist on consumers
before they go on a demand response program. As such, impacts can’t be measured
relative to what consumer behavior was prior to joining a program. This shortcoming can
be addressed by using external control groups for comparison, but there are challenges
associated with picking appropriate control groups. When advanced metering is
widespread, there will almost always be pre-participation data available on consumers.
Furthermore, samples can be much larger when advanced metering is widely deployed as
the cost of obtaining larger samples will be much less compared with the situation today
where doing so often involves installing interval meters on consumers.
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4 EX POST EVALUATION FOR EVENT BASED
PROGRAMS

This section contains protocols and guidelines associated with ex post evaluation for
event based programs. There are three broad categories of event-based programs:

e Event-based Pricing—This program category includes prices that customers
can respond to based on an event, i.e., a day-ahead or same-day call. This
category could include many pricing variants such as critical peak pricing or a
schedule of prices presented in advance that would allow customers to
indicate how much load they will reduce in each hour at the offered price
(e.g., demand bidding). The common element is that these prices are tied to
called events by the utility, DR administrator or other operator.

Direct Load Control—This category includes mass-market programs such as a/c cycling
as well as large customer programs such as auto-DR. The common thread is that load is
controlled at the customer’s site for a called event period through a signal sent by an
operator.

e Callable DR—This category is similar to direct load control but, in this case,
a notification is sent to the customer who then initiates actions to reduce loads,
often by an amount agreed to in a contract. The difference is that load
reduction is based on actions taken by the customer rather than based on an
operator-controlled signal that shuts off equipment. Interruptible and
curtailable tariffs are included in this category.

In addition to the protocols, this section contains detailed discussions of key issues and
methodologies that should be considered when producing estimates of the change in
energy use resulting from a DR program over some historical period. Guidelines and
recommendations for addressing these issues are provided where appropriate.

4.1 Protocols

The protocols discussed here describe the minimum requirements that must be met for ex
post evaluation and consist of the following elements:

e The impact measures and associated statistics that must be produced
e The day-types and other time periods for which the measures must be reported

e Additional data that must be reported in order to understand and interpret the
estimated impacts, such as weather, event characteristics and the like
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e Statistical measures that must be reported in order to provide insight regarding
bias and precision associated with the evaluation and sampling methodologies
employed to develop the impact measures.

4.1.1 Time Periods

Event-based programs are primarily designed to produce impacts over a relatively short
period of time. In addition to impacts that occurred during an event period, spillover
impacts such as pre-cooling and snap back cooling might also occur in the hours
immediately preceding or following the event period. Some event-based programs might
even generate load shifting to a day before or day after an event.

Emergency programs, such as interruptible/curtailable tariffs and direct load control of air
conditioning, are typically used only in Stage 1 or Stage 2 emergencies, and often for
only a few hours in a day. Notification often occurs just a few hours before the resource
is triggered or, in the case of load control, with little or no notification at all. The load
impacts associated with these programs often, though not always, are constrained to the
event period and perhaps a few hours surrounding the event period. For load control
programs, there may be some spillover effects following the end of the event period but
there is unlikely to be much impact in the hours leading up to the event.

The load impact pattern for price-driven, event-based programs may differ somewhat
from emergency programs in that notification typically occurs sooner, often the day
before, and a greater proportion of load reduction during the event period may result from
load shifting rather than load reduction. In the residential sector, for example, the dirty
laundry doesn’t go away during a critical peak period. Some customers will choose to
shift their laundry activity to later in the event day, the next day or perhaps even the prior
day after receiving notification that the next day will be a high priced day.

Protocols 1 and 2 describe the minimum time periods for which load impact estimates
must be provided for event based programs.

Protocol 1: The mean change in energy use per hour (kWh/hr) for each hour of
the day must be estimated for each day type and level of aggregation defined in
Protocol 5. The mean change in energy use for the day must also be reported
for each day type.

Protocol 2: The mean change in energy use per year must be reported for the
average across all participants and for the sum of all participants on a program
for each year over which the evaluation is conducted.

4.1.2 Uncertainty

As previously discussed, uncertainty is an inherent attribute of load and demand response
estimation, and an important consideration in the application of DR impacts to resource
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planning and dispatch operations. For ex post evaluation, uncertainty can be controlled
by selecting appropriate sample sizes, careful attention to sampling strategy, model
specification and other means, but it can not be eliminated completely except perhaps in
very special situations that almost never occur.® Even if data is available for all
customers, it is impossible to observe what each customer would have used “but for” the
actions they took in response to the DR program. The “but for” load, referred to as the
reference load, must be estimated and there will be uncertainty in the estimate regardless
of what approach is used.’

In order for DR impact estimates to be most useful to a diverse user community, it is
important to quantify and report measures of uncertainty associated with the estimates.
Some users will be content to know the mean or median impact, measured with a certain
level of precision, but others will want to know how much demand response is likely to
occur with a probability of, say, 90 percent. To meet this need, Protocol 3 requires that
uncertainty adjusted impact estimates be provided for selected points on the probability
distribution of estimated load.

Protocol 3: Estimates of the 10", 50™ and 90" percentiles of the change in
energy use in each hour, day and year, as described in Protocols 1 and 2, for
each day-type and level of aggregation described in Protocol 5, are to be
provided .

4.1.3 Output Format

Impact estimates can be developed using a variety of methodologies. A detailed
discussion of the advantages and disadvantages of selected methodologies for event
based programs is provided in Section 4.2. While a variety of methods can be used, two
are most common: day-matching and regression analysis. '

With day matching, a reference value representing what a customer would have used on
an event day in the absence of participation in the DR program is developed based on
electricity use on a set of non-event days that are assumed to have usage patterns similar
to what would have occurred on the event days. For non-weather sensitive loads that

& For example, one can imagine a program that automatically switches off pumps that otherwise are always
running and pretty much drawing the same load at all times. In this situation, sub-metering the pumps
would provide a highly precise estimate of what the load would have been on the event day if they had not
been switched off. However, this is not the typical situation faced by DR impact evaluators.

° As discussed in Section 6, with ex ante estimation, uncertainty can also result from the inherent
uncertainty associated with key drivers of DR impacts such as weather. 1f a user wants to know what
impacts are likely to occur tomorrow or on a day with a specific weather profile, it is important to
recognize that the temperature at 2 pm on the day of interest, for example, is not knowable. It may have a
high probability of equaling 92 degrees, say, but it is more realistic to base impact estimates on some
distribution of temperatures (preferably derived from historical weather data) with a mean of 92 degrees
and a distribution that would indicate, for example, that the temperature has a 90 percent probability of
being between 90 and 94 degrees.

19 Other methods include a comparison of means between control and treatment groups, engineering
analysis, sub-metering, etc.
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vary little across days of the week or seasons, usage on almost any set of non-event days
could be used to estimate the reference value. For weather sensitive loads, day matching
requires picking days that have weather similar to the expected weather on typical event
days. When doing ex post evaluation, suitable days might be found from days that
precede or follow the event day.'! As discussed later, adjusting initial reference values
derived from non-event days for differences in usage outside the event period between
prior days and event days, or using some other form of “same-day” adjustment
mechanism, can improve the accuracy of the reference value. With day matching
methods, impacts are measured as the difference between the reference value and actual
loads on the event day.

Regression analysis is an alternative to day-matching. Like day matching, regression
analysis relies on historical information about customer loads, but instead of predicting
loads using the averages observed over a given number of previous days, regression
analysis focuses on understanding the relationship between loads, or load impacts, during
hours of interest and other predictor variables. Examples of predictor variables include
temperature, population characteristics, program effects and observed loads in the hours
preceding the DR event. A detailed discussion of regression analysis is contained in
Section 4.2.2.

Regardless of whether day matching or regression analysis is being used, it is possible to
report observed load, a reference value and impacts for each event day. For day
matching methods, the impact is calculated as the difference between the reference load
and the observed load. For regression methods, the impact estimates can be determined
directly from the regression model. These impact estimates can be added to the observed
loads in order to estimate a reference value. Protocol 4 indicates the format in which
these values should be reported for event based programs.

Protocol 4: Impact estimates shall be reported in the format depicted in Table
4-1 for all required day types and levels of aggregation, as delineated in
Protocol 5.

1 When developing reference values to use for short term settlement with participating customers, only
prior days are likely to be available for use in the impact calculation.
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Table 4-1
Required Reporting Format for Impact Estimates

Uncertainty Adjusted Energy Impacts

Reference | Observed

Hour Ending Load Load Load Impact Temperature . . .
(kWhihn) (KWh/hn) (kwWhthr) (degrees F) 10th Percentile 50th Percentile | 90th Percentile
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
Uncertainty Adjusted Energy Impacts
Reference | Observed | Change in Energy | Degree Hours 10th Percentile 50th Percentile | 90th Percentile
Energy Use | Energy Use Use (Base 75)
Day

Each variable in Table 4-1 is defined below:

Reference Load (Energy Use): An estimate of the load in an hour or energy use
over a period of time that would have occurred “but for” the change in their usage
in response to the DR program offering

Observed Load (Energy Use): Metered usage in an hour (for load) or over a
period of time (for energy)

Load (Energy) Impact: The impact estimate for an hour or over a period of time
(e.g., day, season, year)

Temperature: The average temperature in each hour, measured in degrees
Fahrenheit

Uncertainty Adjusted Load (Energy) Impacts: The estimated load impact

value that is likely to be equaled or exceeded X% of the time. For example, if the
Uncertainty Adjusted Load Impact at the 90" percentile equals 100 MW, it means
that there is a 90 percent probability that the load impact will equal or exceed 100
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MW or, alternatively, a 10 percent probability that the impact will be less than
100 MW.

e Degree Hours: The difference between temperature in each hour and a base
value. For example, if the temperature is 85 degrees in an hour and the base value
is 75 degrees, the number of degree hours to base 75 in that hour would equal
10.* If the actual temperature is below the base value, the number of degree
hours in that hour is set to 0. The number of degree hours in a day is the sum of
the degree hours in all hours in the day.

e Day: Refers to the day on which an event occurs.

It should be noted that the requirement to report temperature and degree hours in Table 4-
1 is designed to allow for easier comparison of impacts across day types, programs and
utilities. Inclusion of these variables in the protocols is not intended to dictate that they
be used as part of the impact estimation methodology. Other variables, such as relative
humidity or some other predictor of weather sensitive load may be more useful than
temperature for estimating load impacts. However, a common reporting requirement will
facilitate cross-event, cross-program and cross-utility comparisons.

When reporting temperatures and degree days, it is intended that the temperature be
reasonably representative of the population of program participants associated with the
impact estimates. If participation in a program is concentrated in a very hot climate zone,
for example, reporting population-weighted average temperature across an entire utility
service territory may not be very useful if a substantial number of customers are located
in cooler climate zones. Some sort of customer or load-weighted average temperature
across weather stations close to participant locations would be much more accurate and
useful.

4.1.4 Day Types

DR impacts will vary across event days based on a variety of factors, including variation
in usage patterns (often driven by variation in weather), event characteristics (e.g., timing
and event duration), event participation, and other factors. In order to understand the
influence of these factors on demand response, it is imperative that detailed descriptions
of these influencing factors on each event day be provided along with the impact
estimates. In addition, for both ex post and ex ante cost-effectiveness analysis, it is useful
to have impact estimates for “typical event days”.

Among the significant factors that may vary across event days and certainly over time is
the number of customers enrolled in a program, the number who are notified and the

12 Given the significant variation in temperature across a day in many climate zones within California, often
rising from the 60s to the 90s or higher between early morning and late afternoon, degree hours may be
more informative for comparison purposes across locations than are maximum daily temperature or average
temperature. Degree hours are typically better predictors of daily air conditioning load than is average or
maximum temperature for a day.
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number who participate. There is often confusion around these terms so it is useful to
define how they are used in the protocols below.

Enrollment is intended to mean the number of customers who have joined a DR program.
For any program where a customer needs to take a proactive step in order to enroll,
program enrollment equals all customers that have taken that step and are in the program
at a given point in time. This can differ significantly from the number of customers who
might actually respond during an event or even from the number who are asked to
respond for a given event. For any given program, enrollment should be the largest of the
three variables.™

At a conceptual level, the number of customers notified of an event should equal all those
that have actually received the notification. This could differ from the number of
notifications sent for various technical reasons (e.g., failure of notification equipment) or
because the notification method is not very effective (e.g., it might use a communication
channel that doesn’t do a good job of reaching its target audience). In most instances,
however, there is a pretty high success rate with most notification methods used for DR
programs and it is typically much easier to measure the number of notifications sent than
it is to measure the number actually received. As such, we define notification as the
number of notifications sent out. The number of customers notified may differ from the
number of customers enrolled if a program is geographically targeted and different
regions are called on different days or if some other type of dispatch operation is
implemented that intentionally does not include all enrolled customers.

In order to facilitate comparison of impacts across programs and/or utilities, these
protocols require that ex post evaluations provide impact estimates for the following day
types and levels of aggregation, which are defined below in more detail:

Protocol 5: The information shown in Table 4-1 must be provided for each of
the following day types and levels of aggregation:

e For the average across all participants notified on each day on which
an event was called

e For the total of all participants notified on each day on which an event
was called for

e For the average across all participants notified on the average event day
over the evaluation period

3 There is at least one type of program where enrollment is more difficult to define, namely a peak-time
rebate program such as the one outlined by SDG&E in its AMI application. The program concept in that
application was that all customers would be eligible to respond to the peak time rebate offering and some
subset of the entire customer base will be aware of this offer through promotional schemes. Only
customers who are aware are in a position to respond. Thus, it is difficult to determine whether the number
of enrolled customers for such a program is all customers or just those who are aware and, if the latter, how
to measure awareness.
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Day type definitions and additional reporting requirements for each day type
are summarized below:

In addition to the information contained in Table 4-1, the following
information must be provided for each event day:

e Event start and stop time
e Notification lead time

e The number of customers who were enrolled in the program on the
event day

e The number of customers who were notified on the event day

e Any other factors that vary across event days that are considered by
the evaluator to be important for understanding and interpreting the
impacts and why they vary across events.

Impact estimates must also be provided for an average event day for each
year over which the evaluation was conducted. An average event day is
calculated as a day-weighted average of all event days.** The number of
event days that apply to each hour may vary for programs that have variable
length event periods.”® In addition to the information contained in Table 4-
1, the following information must be provided:

e The number of actual event days included in the calculation for each
hour of the average day

e Average number of customers enrolled in the program over the
16
year

e Average number of customers notified across all event days in the
year.

Y pyt another way, it is the sum of the impacts in each hour for each event day divided by the number of
event days. The reason to think of this as a day-weighted average is because the weights to use when
calculating the standard errors are squared.

5 For example, if there were 10 event days, and the event was triggered from 3 pm to 5 pm on all days and
between 5 pm and 6 pm on 5 event days, the average for each hour between 3 pm and 5 pm would be based
on all 10 days but the average from 5 pm to 6 pm would be based on the 5 event days on which the event
was triggered for that hour.

18 Since enrollment will change over time, a day-weighted average should be calculated (e.g., if there were
2 event days in the year and there were 100 customers enrolled on the first event day and 200 on the
second, the day-weighted average would be 150).
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4.1.5 Statistical Measures

The final protocol that applies to ex post evaluation for event-based programs concerns
the calculation and reporting of statistical measures designed to reveal the level of
precision and presence or absence of bias in the method used to estimate impacts. The
requirements differ between day matching and regression based methods.

With day matching methods, an unbiased reference value is essential to accurate
determination of impact estimates. There are various measures of accuracy that can be
used and several must be reported so that resource planners and other decision makers
can assess the validity of the evaluation estimates.

In order to assess bias, estimated load using the chosen approach to reference value
determination must be compared with actual load on days that are as similar as possible
to the event days for which DR impact estimates are desired. If a within-subjects
evaluation design is used, participants act as their own control group and usage on actual
event days can not be used for validation purposes as it has been influenced by the DR
event. Validity should be assessed for participants using days that are similar to event
days but upon which events have not been called. Alternatively, if usage information is
available from a suitable, external control group that represents customers with
characteristics similar to those of participants but who do not participate in the program,
using control group data for validation of the reference methodology for predicting load
on actual event days is a logical choice, assuming there are a sufficient number of actual
event days in the historical period for the test to be meaningful.'” If not, the evaluator
should select a sufficiently large number of event-like days on which to test the validity
of the reference methodology.

Protocol 6: Based on a suitable and sufficiently large number of proxy days,
the following statistics should be calculated and reported for day-matching
reference value methods:

e The number of proxy days used in the calculations below and an
explanation of how the proxy days were selected

e Average error across customers and proxy days for each hour for the
entire day

e Median error across customers and proxy days for each hour for the
entire day

e The relative average error for each hour. This is calculated as the
ratio of the average error to the average actual load that occurred in
the hour.

" For example, if only one or two event days occurred during the historical period, it may be preferable to
select additional, event-like days to include in the accuracy assessment than to use only the one or two days
on which events actually occurred.
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e The relative median error for each hour.

e The Coefficient of Alienation, which describes the percentage of the
variation in actual load for each hour that is not explained by variation
in the predicted load. This is calculated as follows:

LR (yijk _S\/ijk)z
Y (4-1)
Where:

I = the cross-sectional unit
j = the event-like day
k = the hour of the day

Y;i = the actual observed load for i in event-like day j and hour k
S/ijk: the predicted load for i in event-like day j and hour k
Y, = the average load in event-like day j and hour k

. Theil’s U, calculated as follows
1o 7k
[Z(yi - yi)z}
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Where:

y. = the actual observed load for period i
Y, = the predicted load for period i
Y, = the average load for period i

Theil’s U describes the accuracy of the forecast. It is calculated for a particular
forecast period and individual, resulting in a distribution of Theil’s U estimates. The
characteristics of this distribution, including mean and median, should be described.*®

18 For examples of now Theil’s U can be applied, see KEMA-XENERGY (Miriam L. Goldberg and G.
Kennedy Agnew). Protocol Development for Demand Response Calculation—Findings and
Recommendations. Prepared for the California Energy Commission, February 2003.
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A different protocol is relevant for regression models. The regression protocol is
designed with two goals in mind:

1. Provide qualified reviewers with sufficient transparency and information so as to
enable a through assessment of the validity, accuracy, and precision of the results.

2. Provide the information necessary to enable the readers to create models that
provide the load impacts and the confidence intervals under specific scenarios.

Protocol 7: For regression based methods, the following should be reported:

1. Adjusted R-squared or, if R-squared is not provided for the estimation
procedure, the log-likelihood of the model

2. Total observations, number of cross-sectional units and number of time
periods

3. Coefficients for each of the parameters of the model
4. Standard errors for each of the parameter estimates
5. The variance-covariance matrix for the parameters™

6. The tests conducted and the specific corrections conducted, if any, to
ensure robust standard errors

7. How the evaluation assessed the accuracy and stability of the
coefficient(s) that represent the load impact

4.2 Guidance and Recommendations for Ex Post Impact
Evaluation of Event Based Programs

Section 4.1 delineated the key requirements associated with estimating ex post impacts
for event based DR programs. The protocols describe what must be provided, not how to
do the job. This section discusses a variety of issues that should be considered when
deciding “how to do the job” and, where appropriate, provides some guidance and
recommendations concerning how these issues might be addressed.

1% The variance-covariance matrix is needed in order to calculate the correlations between the model
parameters for use in determining forecast precision and uncertainty bands.
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4.2.1 Day Matching Methodologies

As described briefly in Section 4.1.3, one approach to estimating DR impacts for event
based programs relies on day matching. With day matching, DR impacts are estimated as
the difference between a reference value, intended to represent what load would have
been had a customer not changed their behavior in response to the DR program, and
actual load on an event day.

Developing reference load shapes involves either two or three steps, depending on the
nature of the load. The first step involves selecting relevant days and the second involves
taking an average of the load in each hour for the days that were chosen. If loads vary
with weather or other observable factors, a third step that can improve the reference load
shape involves making “same day” adjustments to the initial load estimates. These
adjustments can be based on differences between load in hours outside the event period
on prior days and load during the same hours on the event day or on differences in the
value of some other variable such weather on prior days and event days.

When considering what days to choose for the initial reference load calculation, for C&I
customers, only business days are typically used. For residential customers, if events
only occur on weekdays, weekends would logically be excluded from day selection as
usage on weekends tends to be different on average from weekday usage. When it comes
to using day matching, one size definitely does not fit all. What works best will vary
with customer type, load shape, whether or not the load is weather sensitive, and other
factors. On the other hand, an objective is to provide some consistency in the impact
estimates across programs to allow for valid program comparisons. Below is a list of
methods that have been used or tested in the past. This list is intended to be exemplary,
not a complete census of all options:

e Previous 3, 5, 7 or 10 business days or weekdays

Highest 10 out of 11 prior business days
e Highest 5 of the last 10 business days

e Highest 3 out of 10 prior business days?®
e 20 days bracketing the event day

e All relevant days in an entire season.

“Same-day” adjustment options include:*

2 This reference method is discussed in a recent LBNL report, Estimating DR Load Impacts: Evaluation of
Baseline Load Models for Commercial Buildings in California, July 2, 2007.

2! This discussion is based on information in KEMA-XENERGY (Miriam L. Goldberg and G. Kennedy
Agnew). Protocol Development for Demand Response Calculation—Findings and Recommendations.
Prepared for the California Energy Commission, February 2003. p. 2-12. This report uses the term
baseline for what we call reference value. Hereafter, we refer to this report as the KEMA/CEC study.
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e Additive Adjustment: A constant is added to the provisional reference value for
each hour of the curtailment period. For simple additive adjustment, the constant
is calculated as the difference between the actual load and the provisional
reference value load for some period prior to the curtailment. Ad hoc or
judgmental adjustments are also possible.

e Scalar Adjustment: The provisional reference value load for each hour of the
curtailment period is multiplied by a fixed scalar. The scalar multiplier is
calculated as the ratio of the actual load to the provisional reference value load for
some period prior to the curtailment.

e Weather-Based Adjustment: A model of load as a function of some weather
parameter is fit to historical load data. The fitted model is used to estimate load
(a) for the weather conditions of the days included in the provisional reference
value, and (b) for the weather conditions of the curtailment day. The difference or
ratio of these two estimates is calculated, and applied to the provisional reference
value as an additive or scalar adjustment.

With the additive or scalar adjustment, the two hours prior to an event and the two hours
prior to that (e.g., the 3™ and 4™ hours prior to the event period) have been tested. There
are at least three concerns that must be addressed if the two hours prior to an event period
are used to adjust an initial reference value for evaluation purposes.

e Gaming—if the two hours prior to the event period are also used as part of the
reference value for customer settlement, and this is known by the customer, a
customer might intentionally increase energy use in the hours leading up to the
event period in order to increase their reference value so as to receive a higher
payment.

e Pre-cooling—a customer might increase cooling in the hours leading up to the
event period in order to retain their comfort level longer if, for example, air
conditioning is being controlled during the event.

e Other pre-event adjustments—a C&I customer might reduce manufacturing or
business operations in anticipation of the event period.

If gaming or pre-cooling occurs, impact estimates based on the two hours prior to the
event period will be overstated whereas other types of pre-event adjustments may lead to
under estimation. These inaccuracies could still arise when earlier hours in the day are
used rather than the two hours prior to the event period, but the bias may be smaller. On
the other hand, for weather sensitive loads, using the earlier hours in a day may not be as
accurate if temperatures increase significantly as the day progresses.

A variety of research has been done to compare the accuracy and other attributes of
various day matching methods. A useful study was completed in 2003 for the California
Energy Commission and should be reviewed if a day matching approach is being
considered. The KEMA/CEC study examined the relative accuracy, simplicity and other
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factors associated with a number of day matching methods using data on 646 large C&l
customers from utilities scattered throughout the country.

The KEMA/CEC analysis concluded that the reference value calculation method that
worked best for a range of load types consists of taking a simple average of the last 10
days of demand data, by hour of the day, and then shifting the resulting profile up or
down so that it matches the average observed load for the period 1 to 2 hours prior to
curtailment. This method worked well for both weather-sensitive and non-weather
sensitive accounts, with both low and high variability, for summer and non-summer
curtailments.

The KEMA/CEC study went on to report that, if the default method is problematic either
because of the potential for customer gaming or because of a need to curtail more
promptly, the next best alternative depends on the weather sensitivity and energy use
variability of the account. The default reference value and alternatives that performed
reasonably well for different types of accounts and seasons are shown in Table 4-2.

Table 4-2

Other useful findings from the KEMA/CEC study include:

e An additive adjustment to the load data from two hours before curtailment can
often reduce the bias and variability of almost all methods, including weather
models, for weather sensitive or non-weather-sensitive load data, high or low
variability accounts. Other types of adjustments can improve the performance of
averages, but generally with higher bias and variability.

DR Load Impact Joint IOU Straw Proposal 33
July 16, 2007



e With this additive adjustment, simple averaging methods in most cases perform
essentially as well as complex weather models, even for weather-sensitive
accounts.

e Without adjustment, most averages tend to understate the load impacts of a
curtailment.

e Bias and variability of weather models tends to be reduced by the use of longer
input data series, but not dramatically.

e The decreased variability with longer input series is more noticeable for
conditional weather models applied to non-weather-sensitive accounts,
particularly high-variability accounts.

e The different average methods performed similarly in terms of bias and
variability, except for those that select a subset of days based on high load.

e For summer loads, the “High 5 of 10” average generally reduces the otherwise
negative bias. For summer loads using additive adjustment, the “High 5 of 10”
days gave the lowest bias measure of any of the averages, for both weather-
sensitive and non-weather-sensitive accounts, and comparable variability. The
“High 10 of 11” average method gave some bias reduction, but not as much.

e For non-summer loads, however, the “High 5 of 10” average method inflates an
already positive bias. The other averages perform better and roughly comparable
to each other, in terms of both bias and variability, for both weather-sensitive and
non-weather-sensitive accounts. “The High 10 of 11” is somewhat better than the
others in terms of the bias and variability measured in this study.

Analysis done by San Diego Gas & Electric (SDG&E) in support of its advanced
metering application also found that same-day adjustment improves reference value
calculations. SDG&E used data on roughly 340 residential customers from the year 2004
to examine the relative accuracy and bias associated with more than two dozen reference
value methodologies. Methodologies using 3, 5 and 7 prior days, with and without
various forms of adjustment, were examined. Average error and the sum-of-squared
errors (SSE) were calculated for each method. Average error was much closer to 0 for
the methods using same-day adjustment and the SSE was also among the lowest for these
methods.?

Day matching methods are easy to understand and often easier to produce and use than
regression methods. With same-day adjustment, day matching methods exist that have
very small average errors and that are reasonably precise. If the primary question is,
“What was the DR impact for some set of historical event days, or for individual event
days?” day matching can be an intuitively appealing and practical approach.

22 SDG&E AMI proceeding. DRA Exhibit 109.
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However, day matching presents challenges in calculating the statistical uncertainty
associated with ex post load impact estimates (e.g., the estimates in the right hand
columns of Table 4-1). The calculation is mathematically simple for a single customer
on a single event day. The reference value of the load for a particular hour on an event
day is an average and that average has a standard deviation that describes the uncertainty
about the estimated reference load for that hour. If the load is unadjusted, the
uncertainty in the load impact can be described by calculating the lower limit of the
reference load and adjusting the load impact downward accordingly.

On the other hand, if the load is adjusted for same day load or temperature, then the
uncertainty in the adjustment also has to be considered in calculating the uncertainty
adjusted load impact. These calculations are not difficult to make, but software would
need to be written to produce these estimates in almost all cases because they are not
generally provided as output from any standard statistical packages.

The problem of estimating uncertainty adjusted load impacts becomes more complicated
when load impacts from more than one customer are aggregated, since sampling weights
and the variance of sampling weights must also be included in the uncertainty adjustment.
The foregoing calculations can become mathematically cumbersome, even though they
are theoretically well defined and within the capabilities of modern desktop computers.

The use of day matching methods to estimate ex ante load impacts and their uncertainty
is even more difficult. Indeed, with standard day matching approaches, there is no
mathematical function or “bridge” that can be used to relate conditions that are in effect
on a given ex ante day type to the load impact that will occur under the prescribed
conditions. One can imagine ways of approaching the problem, such as regressing day-
matching based impact estimates against explanatory variables such as weather, event
characteristics and customer characteristics. However, if regression analysis is needed in
order to build a bridge between estimated impacts using day matching and relevant
explanatory variables, it is probably better to simply use regression methods directly as
the statistical properties will be much easier to calculate and interpret. For this reason,
we do not recommend day matching as a suitable approach when the primary focus is on
ex ante estimation for day types that differ from those that have occurred historically. On
the other hand, if the objective is a simple, straightforward way to develop an ex post
estimate, day matching methods can be quite useful as a way of quickly reporting DR
results.

42.1.1 Day Matching Analysis: An Example

Protocols 1 through 4 require that uncertainty-adjusted impact estimates be developed for
event-based programs for each hour of an event day and that the total change in energy
on the event day also be estimated. Impacts are to be reported for various day types using
a format shown in Table 4-1. Protocol 6 also requires that statistics representing the
accuracy of the day-matching method used be reported. In this section, we provide an
example of how those protocols can be met using a day-matching methodology.
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This example was developed using data from the 2004 and 2005 measurement and
evaluation of PG&E, SCE and SDG&E’s voluntary critical peak pricing (CPP) and
demand bidding (DBP) programs.?®* The requirements for eligibility for the programs
vary by utility, but the majority of customers enrolled in the CPP and DBP program are
large commercial or industrial customers with demands greater than 200 kW. The 2004
evaluation has more extensive statistics on the accuracy of different day-matching
methods and will be used to demonstrate examples of some of the descriptive statistics
listed in protocol 6. The 2005 evaluation contains the 24-hour load shapes required by
protocols 1 and 4 so data from this evaluation will be used to show how to satisfy
protocols 1 and 4.%* There are a few protocols not satisfied by this study. For example,
this study did not estimate the total change in energy use on the event day required in
protocol 2 and did not provide confidence intervals required by Protocol 3.

The first step to an evaluation done by day-matching is to select an appropriate day-
matching method for the customers of interest. Since the performance of a day-matching
method can vary with the type of customer being evaluated, the day-matching method
used for evaluation should be verified using the statistics listed in protocol 6. The first
step in protocol 6 is to find a set of reasonable proxy days on which to test the reference
level. The voluntary demand response programs evaluated were new programs in 2004,
so the proxy days chosen to evaluate the day-matching options in this example were 2003
summer weekdays and 2003 summer high demand days. This study did not find much
difference between the reference level statistics for high demand days versus all summer
weekdays, which is likely because large C&I customers are generally less sensitive to
weather than smaller customers.

The statistics in Table 4-3 reflect the results for all summer weekdays. The customer data
used to assess reference level accuracy came from the 2004 participants in the voluntary
CPP program. Four reference levels were evaluated for CPP customers: the highest 3 of
the past 10 days; the average of the previous 10 similar days with no adjustment; the 10-
day adjusted by the load the day before the event; and the load on the day prior to the
event. For each of the reference levels, three of the statistics listed in protocol 6 were
calculated. Protocol 6 calls for these statistics to be calculated on an hourly basis, but
only the average error over the event period is presented in this example.

2% Quantum Consulting and Summit Blue Consulting Working Group 2 Demand Response Program
Evaluation — program year 2004 Final Report Chapter 6

2+ Quantum Consulting and summit Blue Consulting Evaluation of 2005 statewide large nonresidential
day-ahead and reliability demand response programs Appendix D
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Table 4-3
Selected Statistics for Protocol 6

Average Median Relative Relat_lve - Median

Reference E Average | Median | Coefficient of .
rror Error ) .5 | Theil’s
Level (kw) (kw) Error Error | Alienation U
(%) (%)

Highest 3 of
previous 10 n/a n/a n/a 2.0% 8% 0.10
similar days
10-day n/a n/a n/a -2.0% 3% 0.09
unadjusted
10-day
adjusted n/a n/a n/a 0.0% 4% 0.08
Prior day n/a n/a n/a 0.0% 6% 0.10

The purpose of the first four statistics in the table is to estimate the bias of the
reference level. The bias is the extent to which the reference level systematically
overestimates or underestimates the load. The 2% relative median error in the
table shows that using the highest 3 out of the previous 10 similar days tends to
overestimate the load whereas the 10 day unadjusted median error or -2.0% shows
that this reference level systematically underestimates the load impacts. Care
must be taken in interpreting the relative median error for two reasons. The first
is that median errors are usually less sensitive to changes in reference levels than
average errors. It is possible for a reference level with a low median error to have
a much higher average error. For this reason, the protocols state that both the
average and median errors must be included. The second issue with interpreting
the relative median error is that the percentage represents the amount by which

the total load is over or underestimated, not how much the demand response

impact is overestimated. For example, suppose a reference level overestimates

the total load by 5%, and that the actual demand response achieved is a 7% load
reduction. An impact analysis using this reference level will report a load
reduction of 12%, which is an error of 71% percent relative to the actual load
reduction of 7%.

The 5th and 6th statistics in the table, the coefficient of alienation and Theil’s U,
are intended to measure the variance of the reference level. The prior day

reference level and 10-day adjusted by load on the previous day both have relative
median errors near zero, indicating that both reference levels are nearly unbiased.
However, the Theil’s U and the Coefficient of Alienation are both higher for the
prior day reference level than for the 10-day adjusted reference level. This
indicates that although the prior day reference level does well on average, its

2 Quantum reported an R-squared rather than a coefficient of alienation. The coefficients of alienation

were calculated by subtracting the reported R-squared from 100%
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performance varies from day to day by larger amounts than the 10-day adjusted
reference level. Another way of stating this is to say that the 10-day adjusted
reference level is more consistent than the prior day reference level from one day
to the next. The statistics showing the variance of the reference level are
important because a reference level that is too low by 50% on one day and too
high by 50% on another day has an average error of zero. However, this
reference level would have a high Theil’s U and a high coefficient of alienation
which reveals that it is a poor reference level choice.

Providing the 24 hour load impacts for an event day is straightforward using a
day-matching approach. The reference load is provided by the chosen day-
matching method. According to Protocol 5, both the average reduction per
customer and the total load reduction for the program should be reported. For
simplicity, only the average reduction per customer is presented here. Table 4-4
shows the average hourly load reduction from 108 voluntary CPP customers in
SDG&E’s service territory on August 26th. The reference level used for this
example is the 10 day adjusted by the prior day’s load. The event period ranged
from 11 am to 6 pm, and the higher difference between the reference level and the
actual load during this period is evident from the table.
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Table 4-4

Average Load Reduction per customer SDG&E Voluntary CPP program 8/26/05

Hour Reference
Ending Load
(kw)
1 379
2 365
3 359
4 346
5 348
6 355
7 383
8 399
9 408
10 419
11 419
12 410
13 377
14 359
15 359
16 380
17 390
18 387
19 391
20 399
21 401
22 393
23 389
24 387
Reference
Energy

Use

Event
n/a

day

Observed
Load
(kw)

387
380
371
357
356
357
380
399
409
405
383
338
337
335
335
340
343
336
379
388
379
377
391
395

Observed
Energy
Use

n/a
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Load
Impact | Temperature

(kw)

-8.29 69
-14.58 67
-12.86 67
-10.86 66

-8.38 67

-2.50 66

2.87 68

0.12 72

-0.45 77
13.85 82
35.74 87
71.58 91
39.14 90
23.64 89
23.74 89
39.45 88
47.45 85
51.47 83
12.14 81
11.07 76
22.32 76
16.23 76

-1.40 73

-8.53 73

Change
in Degree
Energy Hours
use
n/a 120

Uncertainty Adjusted
Load Impacts

10% @ 50% @ 90%
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a
n/a n/a n/a

Uncertainty Adjusted

Impacts

10% @ 50% & 90%

n/a n/a n/a
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4.2.2 Regression Methodologies

Regression analysis is another commonly used method for estimating the impact
of DR programs. Regression methods rely on statistical analysis to develop a
mathematical model summarizing the relationship between a variable of interest,
known as the dependent variable, and other variables, known as independent or
explanatory variables, that influence the dependent variable. When used to
determine DR impacts, the dependent variable is typically either energy use®® or
the change in energy use, and the independent variables can include a range of
influencing factors such as weather, participant characteristics and, most
importantly, variables representing the influence of the DR program. A very
simple regression model that relates energy use to temperature and a variable
representing the presence or absence of a DR program event is depicted in
Equation 4-3.

Ei=za+bT;+ C(Ti)(Di) +e (4-3)
where E; = energy use in hour i
T; = the temperature in hour i

D; = the program variable, equal to 1 when an event is triggered in
hour i, O otherwise

e = the regression error term
a = a constant term
b = the change in load given a change in temperature

¢ = the change in load given a change in temperature when a DR
event is triggered.

When the primary interest is ex post impact evaluation, properly specified
regression models and day-matching methods often produce similar results. The
reader is referred to the KEMA/CEC report for a useful comparison of the relative
accuracy and other attributes of a variety of regression models and day-matching
methods. However, for ex ante estimates of DR program impacts, regression
models are not only recommended, they may be the only feasible approach in
many situations.

Regression modeling is complex and requires strong training in statistics and
econometrics. There are many different approaches to regression modeling that
vary with respect to the general method used (e.g., classical versus Bayesian),
estimation algorithms (e.g., Ordinary Least Squares, Generalized Least Squares,
Maximum Likelihood Estimation), functional specification (e.g., conditional

% Some model specifications use ratios of energy use in different time periods as a dependent variable.
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demand analysis, change modeling, etc.), the use of control groups (e.g.,
participants versus non-participants), and the variables that are explicitly included
in the model specification. No single approach will be best in all situations.
Indeed, the primary objective of regression—based methods for impact estimation
is to choose the method that works best for the application at hand, and to justify
that choice. There is both an art and science to regression modeling and there is
no substitute for a skilled professional when it comes to the successful application
of regression-based methods to DR impact estimation.

42.2.1 Overview of Regression Analysis

A very useful overview of regression modeling, including a discussion of the
many technical issues that must be considered when developing regression
models, is contained in the The California Evaluation Framework.”” Thisis a
good starting point for readers who want a general understanding of some of the
options and challenges associated with regression modeling. However, neither
that document nor anything said here is intended to be a “how to guide” for using
regression analysis for impact estimation.

An important factor to keep in mind when using regression analysis is that the
goal is to do the best possible job estimating program impacts, not necessarily to
develop the best model for predicting energy usage. This point is expressed well
in The California Evaluation Report (p. 115), where it states,

“It is important to recognize that energy savings estimates depend not on
the predictive power of the model on energy use, but on the accuracy,
stability, and precision of the coefficient that represents energy savings.”

A model of energy use as a function of DR program effects and other explanatory
variables might have a low R-squared (a measure of the explanatory power of the
model), but a very high t-statistic on DR program effect variables, meaning that it
may explain the impact of the DR program quite well even if it does not predict
overall energy use that well.

There are many different approaches to regression modeling that vary with
respect to the estimation method used, functional specification, the use of control
groups, pre-treatment data, and the variables that are explicitly included in the
model specification. Importantly, most of the work that econometricians do is
intended to test whether the key assumptions of the estimator employed are valid,
and if not, apply the appropriate corrections or alternative estimation
methodologies to acquire accurate, stable, and precise load impacts.

Errors in applying econometric methods can lead to:

%" TecMarket Works. The California Evaluation Framework, June 2004. pp. 105 — 120.
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e Biased estimates of the load impacts

e Imprecise estimates of the level of confidence that can be placed on the
results

e The inability to mathematically find a solution.

For load impacts, both unbiased estimates and correct portrayals of the
uncertainty around those estimates are not only desirable, but necessary.

Table 4-5 identifies potential problems in regression modeling that can influence
either the accuracy (lack of bias) or the estimated certainty of the load impacts. It
is not intended to be an all inclusive list of potential regression pathologies.
Rather, it highlights some of those that can be most damaging to estimating DR
impacts using regression methods.
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Table 4-5

Issues in Regression Analysis

Problems that potentially bias estimates

Problems that lead to incorrect standard
errors

1. Omitted Variable: This is a type of
specification error. Omitted variables that are
related to the dependent variable are picked up
in the error term. If correlated with explanatory
variables representing the load impacts, they
will bias the parameter estimates.

1. Serial-Correlation: Also known as auto-
correlation, it occurs when the error term for an
observation is correlated with the error term in
another observation. It can occur in any study
where the order of the observations has some
meaning. Although it occurs most frequently
with time-series data, it can also be due to
spatial factors and clustering (i.e., the error
terms of individual customers are correlated).

3. Improper functional form: This occurs
when the relationship of an explanatory
variable to the dependent variable is incorrectly
specified. For example, the function may be
treating the variable as linear when, in fact, it is
logarithmic. With this error, predictions of load
impacts can be wrong

2. Heteroscedasticity: This occurs when the
variance is not constant but is related to a
continuous variable. Depending on the model,
if unaccounted for, it can lead to incorrect
inferences of the uncertainty of the estimates

4. Simultaneity: Otherwise known as
endogeneity, it occurs when the dependent
variable influences an explanatory variable.
This is unlikely to be a problem in modeling
load impacts.

3. Irrelevant Variables: When irrelevant
variables are introduced into a model, they
generally weaken the standard errors of the
explanatory variables related to the dependent
variable. This leads to overstating the
uncertainty associated with the impacts of
other explanatory variables.

5. Errors in Variables: When the explanatory
variables contain measurement error, it can
create bias if the measurement error is
correlated with explanatory variables(s).

6. Influential data: A data point is considered
influential if deleting it changes the parameter
estimates. Influential variables are typically
outliers with leverage. These are more of an
issue with Large C&l customers.

Importantly, a large number of the problems that lead to potential bias are due to
model misspecification and the closely related phenomena of correlations
between the error terms and the explanatory variables. Despite a large set of
diagnostic tools, it is difficult to write down a set of rules that can be use to guide
model specification, especially since the best approach for model specification is
not a settled question. This is where the art of regression analysis comes into
play, making the experience and knowledge base of evaluators and reviewers

critical.

Typically, DR load impact analysis involves both a time series and a cross-
sectional dimension. This type of data is referred to by a variety of names —

DR Load Impact Joint IOU Straw Proposal
July 16, 2007

43




including time series cross-sectional, panel, longitudinal, and repeated measures
data. Although the advantages are detailed further in a following section, its
ability to lead to more robust findings is noteworthy and deserves an early
discussion. With this type of data evaluators are able to account for significant
share of omitted variables, including those that are unobservable or not recorded,
leading to better specified, more robust regression models.

Panel data can control for omitted and sometimes unobserved factors that vary
across individuals but are fixed over the course of the study (fixed effects — e.g.
household size, income, appliance holdings, etc.), and for factors that are fixed for
all customers but vary over time (time effects -economic conditions). Regression-
like models that can be used to analyze panel data include ANOVA, ANCOVA,
and MANOVA. These models are similar in that they allow each individual to
act as their own control and account for the effects of the fixed, but unmeasured
characteristics of each customer.

However, the ability to control for fixed effects comes at a price. By controlling
for fixed effects, these models cannot incorporate the impact of explanatory
variables that are time-invariant (e.g., A/C) except through interactions with time-
variant variables (e.g. temperature). In other words, a fixed effects model only
controls for the variation within individual units; it does not control for the
variation across individuals units. In many instances impact evaluations will need
to take into account how fixed characteristics such as appliance holdings,
household size, etc. affect the load response provided, requiring either:

e The use of interactions,

e A two-stage model, where load impacts for each customers are first
estimated using individual regressions (or regressions for customer pools
defined by criteria such as industry classification) followed by a second
stage that regresses load impacts against customer characteristics.

e Using a random effects model which is able to use fixed characteristics as
explanatory variables.

Because random effects models can provide biased parameter estimates when the
error terms are correlated with the explanatory variables, it important to always
start with the more robust fixed effects model and subsequently test whether the
resulting coefficients and standard errors are the same. This is typically
accomplished via a Hausman test. Interpreting the results of such a test, however,
requires the evaluator’s judgment. Due to the power of time-series cross sectional
load data (which has more time observations than most panel data) and the
sensitivity of the Hausman test, even trivial differences in results can be
statistically significant when in fact the differences between the two models is
virtually nil.
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Two additional topics that are particularly pertinent to load impact data deserve
mention: auto-correlation and heteroscedasticity. Having both cross-sectional and
time-series dimensions there are multiple ways in which the errors can be related.
Basic panel data methods generally assume:

e No correlation between the error terms of units in the same time period
e No correlation across units in different time periods
e No auto-correlations within units over time.

e Constant variances over time within a unit (Different variances across
units are allowed)

Evaluations will most likely have to account for auto-correlation due to the
prevalence of a time dimension in load impact data. However, it is important to
distinguish between pure and impure auto-correlation. Impure auto-correlation
can arise because of a specification error such as an omitted variable or incorrect
functional form. Pure auto-correlation is the correlation that is still present when
the model is properly specified. This implies that auto-correlation should be
viewed as more than a nuisance to be corrected, but as a signal to further explore
the potentially larger problem of misspecification. Correcting the standard errors
due to auto-correlation is straightforward and there are a number of options for
addressing it, including first differencing, Generalized Least Squares, and the use
of Maximum Likelihood estimation that do not assume an error matrix with
constant diagonals and zero values in the off-diagonals.

Only heteroscedasticity within individual units is problematic in panel data,
although when faced with large variations in customer size and impacts, the
evaluator should consider transforming the data to a common metric such as the
percent change in load. While heteroscedasticity can typically be corrected for by
the use of robust standard errors — also known as Huber-White standard errors and
the sandwich standard errors — they do not apply if serial correlation is present?®.
Because of this, the more labor intensive process of testing for heteroscedasticity,
determining the specific form of heteroscedasticity, and applying the appropriate
data transformation may often be required to identify and correct for
heteroscedasticity within units.

Our goal in the remainder of this section is to briefly discuss some topics that are
pertinent to the use of regression analysis for ex post DR impact estimation for
event-based programs. In the following section, we provide a brief example
showing how regression analysis can be used to meet the output requirements
specified under Protocol 4.

%8 page 274-276 of Jeffrey Woolridge’s textbook “Econometric Analysis of Cross-section and Panel Data”
provides and excellent discussion on serial correlation and the robust variance matrix estimator.
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4.2.2.2 The Advantages of Repeated Measures

One of the interesting and useful characteristics of event based programs that
differs from the typical situation with both EE evaluation and the evaluation of
non-event based DR programs is the fact that you are typically able to observe the
impact of the DR program multiple times for the same customer. For an energy
efficiency program or for non-event based DR programs, if you have usage data
before a customer enrolls in a program, even if you have daily or hourly usage
data, you only have two time periods per customer in which the DR program
variable(s) differs, one before enrollment and one after. If there is no
pretreatment data, you only have one time period for each customer (in which
case a suitable control group is needed in order to statistically estimate the impact
of the DR program). However, with event-based programs, you get multiple
observations for each customer over which the DR program influence either is or
is not in effect. For example, if you have twelve days in a year in which a CPP
day is called, you have 12 days on which the program influence is in effect, and
many more days in which it is not.

The repeated measure effect associated with event-based DR programs has
several significant advantages for impact evaluation compared with non-event
based programs. One concerns sampling efficiency. As discussed in Section 8,
with repeated measures, you may be able to use much smaller sample sizes to
achieve the same level of statistical precision. The reduction in sample size is a
function of the expected impact size, the coefficient of variation and the number
of repeated measures that occur, but a 10-fold decrease may be possible compared
with a simple comparison of means using before-and-after data on participants or
side-by-side data with participant and control samples.

A second advantage of the repeated measure effect associated with event-based
programs is that impact estimation typically does not require an external control
group.?® The fact that the DR program influence is in effect on some days and not
on others allows you to estimate the influence of variation in factors that change
daily, such as weather, along with the influence of the DR program. This, in turn,
allows you to estimate the impact of the DR program on any day type that can be
characterized in terms of the explanatory variables included in the model without
needing a sample of customers who do not participate in the program. This
eliminates any concern about internal validity, as there is no opportunity for
differences between control and treatment groups to generate biased estimates.
This is a significant advantage as long as your primary interest is in estimating

% There are situations in which an external control group might still be needed. For example, if an event is
only called on the hottest days of the year, and the relationship between energy use on those days is
different from what it is on other days, the model may not be able to accurately estimate program impacts
on event days. In this instance, it may be necessary to have a control group in order to accurately model the
relationship between weather and energy use on the hottest days in order to obtain an unbiased estimate of
the impact of the program on those day types.
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impacts for a set of volunteers behaviorally similar to those who have participated
to date.®

A third advantage associated with the repeated measures property of event-based
programs is that it allows you to estimate customer-specific regressions. For
example, a regression model like the very simple specification shown earlier in
Equation 4-1, could be estimated for each individual customer. This would allow
you to understand the distribution of impacts across customers, which can be
quite useful from a policy perspective, since it allows one to determine if the
average impact is more or less typical, or, alternatively, if a relatively small
percentage of customers account for the majority of demand response. For
example, this type of analysis based on the SPP data produced the distribution of
demand response impacts shown in Figure 4-1, indicating that roughly 80 percent
of total demand response was provided by roughly 30 percent of participants.

Figure 4-1
Percent Demand Response Impact Relative to Percent Population
California’s Statewide Pricing Pilot
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A final advantage associated with repeated measures for a cross-section of
customers is the ability to better specify regression equations and to produce more
robust results.*! Regressions that have observations over time and across
customers can control for omitted variables that vary across customers but are

% There may still be some interest in knowing how participants differ from non-participants if there is a
need to extrapolate the impact estimates to a population of customers who are unlikely to volunteer (which
may differ from those who have not yet volunteered). If so, an external control group may be needed. A
more in depth discussion of control groups is contained in Section 5.2.

%! peter Kennedy, in Guide to Econometrics, provides an excellent discussion of some of the advantages of
having repeated measures across a cross-section of customer sin the introduction to Chapter 17.
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fixed over the study period, known as fixed effects, and for omitted variables that
are fixed across customers but vary over time, know as time effects.

42.2.3 Customer Segmentation

The ability to estimate impacts from individual customer regressions can also be
quite useful in situations where a few large customers contribute most of the DR
impact for a program. In this situation, pooling across customers is likely to
violate some of the assumptions that underlie typical regression analysis, such as
homogeneity of error terms across customers. Running separate regressions for
larger customers can eliminate this type of problem. Furthermore, understanding
how these dominant customers behave, which may be quite different from the
more numerous smaller customers, may be very useful.

The previous comment about the possibility of estimating separate regressions for
large and small C&I customers is just one example of a larger issue—namely, the
need to understand how response varies across customer characteristics and the
possibility that using different model specifications or even different
methodologies may be better than using a single approach. These are important
considerations especially when evaluating DR programs targeted at C&l
customers, where there is a significant degree of heterogeneity across customers
and a greater likelihood that regression methods may not work in all cases.

Regression modeling will not work well under a variety of conditions. For
example, it won’t work well if there is a large degree of variation in energy use
that can’t be explained by variation in observable variables and the DR impact is
small relative to the total load. This can occur if data on the independent
variables that drive this variation is difficult to obtain, as it could be with
industrial customers where variation may be caused by industrial process
operations that are hard to measure. If the DR impact is small relative to the
variation in energy use, and that variation in energy use can’t be explained, it will
be very difficult for the regression analysis to isolate changes in energy use due to
the DR program from the unexplained variation in energy use due to other factors.
Given these circumstances, day matching may not work well either since
significant variation from day to day means that an average over even a large
number of days will not often be a good proxy for what the load would have been
on an event day in the absence of the event. If there is less variation in the loads
that are contributing to the DR impact than there is in the total customer load, it
may be possible to use day matching or regression analysis with sub-metered data
for these partial loads.

In contrast to the situation where too much variation creates estimation difficulties
is the case where there is too little day-to-day variation in load. For example,
with loads that are not at all weather sensitive and, as a result, may not vary much
from day-to-day, there may not be much of an advantage in using regression
analysis over less complicated and easier to understand methods such as day
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matching. In these circumstances, regression analysis may be effective for
estimating the impact of the DR event, but that impact wouldn’t be expected to
change from one event to another in response to variation in other observable
factors such as weather. As such, one of the primary benefits of regression
analysis, the ability to make ex ante estimates for day types or other conditions
that differ from the past, is no longer relevant. Given this, if some participants in
a DR program have weather sensitive loads, or loads that vary with other
observable variables, while other participants have loads that vary very little,
using regression modeling to estimate impacts for the variable segment and day-
matching to estimate impacts for the non-variable segment may be the best
strategy. In these circumstances, using a regression model to estimate the impacts
for both types of customers may distort the impacts associated with the market
segment with the variable load.*?

4224 Quantifying the Impact of Event Characteristics

Another important consideration when using regression analysis to estimate
impacts for event-based programs is how to represent variation in event
characteristics in the regression model. Notification lead time and the timing and
duration of events may influence demand response for programs in which these
factors are allowed to vary across events or across customers (e.g., as in cafeteria
style programs). The ability to do this is a function of how much these
characteristics vary over the estimation time period or across customers. Given
sufficient variation, it is relatively straightforward to include interaction terms in
the regression model to determine if impacts vary with these event characteristics.
For example, it might be possible to define a set of binary variables representing
different event period (e.g., a variable equal to 1 if the event period is less than 3
hours, 0 otherwise). This type of specification would allow you to develop ex
ante estimates for specific combinations of event conditions that may be quite
useful for operational purposes or for longer term resource planning or program
design.

4.2.2.5 Estimating Impacts for Hours Outside the Event Period

As indicated in Protocol 1, impact estimates for event based programs are
required for all hours on an event day. This requirement fulfills the need to
understand the extent and nature of load shifting that occurs with some types of
DR programs, and to estimate the impact of DR programs on overall energy use.
Regression modeling can be used to estimate all of these impact types using a
variable representing an event day, as distinct from a variable representing an
event window, interacted with variables representing individual hours in a

%2 In this instance, separate output tables should be reported for each market segment.
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regression analysis that pools all hours in a single regression. The example in
Section 4.2.2.11, equation 4-2, illustrates this type of model specification.

4.2.2.6 Weather Effects

Accurately reflecting the influence of weather in load modeling and impact
estimation is critical. This is easily done with regression analysis using weather
variables and interaction terms as illustrated in the simple model in Equation 4-3
and the example shown in Section 4.2.2.11.

A related factor is heat build up in buildings caused by multiple hot days in a row.
This can also be reflected in a regression model, for example, using a variable
representing cooling degree hours on days prior to an event day, or cumulative
cooling degree hours leading up to the event period (as also illustrated in the
example in Section 4.2.2.11).

4.2.2.7 Multi-day Events

Another issue to consider when developing model specifications is variation in
impacts across multi-day events. Distinct variables indicating whether an event is
the first, second or third day of a multi-day event can be included in a regression
specification to determine if impacts vary according to this event feature. Section
4.2 of the Impact Evaluation of the California Statewide Pricing Pilot® provides
an example of this type of specification.

4.2.2.8 Participant Characteristics

Of course, as previously mentioned, a major advantage of regression based
analysis is its ability to examine the impact of other influencing variables that
might cause DR impacts to vary in the future from what they have been in the
past. Primary among these are weather and population characteristics. By
incorporating a variable representing the interaction between an event day
variable (or variables) and weather (e.g., temperature, degree hours, humidity,
etc.), a regression model can estimate impacts under specified weather conditions
that differ from those that might have occurred over the historical period.
Similarly, by including interaction terms between variables representing event
days and customer characteristics, such as air conditioning and/or other
equipment ownership, and socio-demographic or firmographic variables such as
income, persons per household, business type and others, one can predict how
impacts might change as the mix of participant characteristics changes. These
topics are discussed in more detail in Section 6. We mention this here because it

% Charles River Associates. Impact Evaluation of the California Statewide Pricing Pilot. Final Report.
March 16, 2005. p. 66.
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is important to consider the need for ex ante estimates when developing a model
specification designed to do both ex post and ex ante estimation. It might not be
necessary to include socio-demographic variables in the model if only ex post
estimates are needed, since fixed or variable-effects specifications can control for
variation in energy use across customers without explicitly including such
variables in the model. However, if ex ante estimation is needed, it will be
necessary to explicitly incorporate variables in the specification that are expected
to change in the future.

4.2.2.9 Geographic Specificity

Knowing how impacts vary across regions can be very useful for transmission and
distribution planning and for operational dispatch decisions by the CAISO, who
must balance supply and demand at thousands of points on the grid and who will
soon be using locational pricing to help clear markets at numerous transmission
nodes. The specific locations for which impacts may be needed in the future are
still unclear, and they will vary across utilities and programs. As previously
discussed, understanding the extent to which impact estimates are required for
specific locations is an important input to evaluation planning.

Whatever the ultimate need, there are two basic approaches to developing
location-specific impact estimates. One is to obtain large enough samples at each
desired location to develop statistically valid and precise impact estimates based
on each geographic sub-population. If the number of geographic regions is large,
this could be a very costly approach.

An alternative approach is to incorporate variables in a regression model that
explain how impacts vary according to weather and population characteristics that
vary regionally. Using survey and climate data to develop estimates of the mean
values for each explanatory variable by region, such a model can be used to
predict what the impacts will be given the local conditions. This approach can
probably be implemented with data on a much smaller sample of customers than
the location-specific sampling approach by using stratified sampling methods that
ensure sufficient variation in the characteristics of interest to develop the model
parameters.

Implementing this approach will be easier and less costly if there is prior
knowledge regarding which independent variables drive demand response and if
data already exists concerning how relevant variables differ across the regions of
interest. California’s Residential Appliance Saturation Surveys (RASS) and
Commercial End Use Surveys (CEUS) provide a rich database that can be used to
inform sample designs and modeling exercises. There is also a growing body of
evidence concerning what customer characteristics drive demand response for
many program options. As such, there is a greater probability that sufficient prior
knowledge exists in California than in many other locations. As such, a model
based approach to location specific impact estimates is likely to be less costly
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than would be developing large enough samples at each location of interest to
estimate impacts of comparable validity and precision.

4.2.2.10 Summary

Regression analysis is the leading alternative to day matching methods for
estimation of DR impacts. While regression modeling requires more skill and
experience to implement, and is not as transparent as most day-matching methods,
it offers a number of advantages compared with other methods and should at least
be considered whenever there is sufficient data available to support regression
analysis. Regression analysis can be used to examine impacts outside the event
period and to quantify the influence of event characteristics, heat build up, multi-
day events, weather and customer characteristics on demand response. The
repetitive nature of event-based programs may allow for regression analysis (or
other methods) to be implemented using smaller samples than would be needed
for non-event based programs. It also eliminates the need for external samples in
most situations, and for customer-specific impact estimates to be developed, thus
affording the opportunity to examine the distribution of impacts across the
participant population.

4.2.2.11 Regression Analysis: An Example

As indicated in section 4.1, protocols 1 through 4 require that uncertainty-adjusted
impact estimates be developed for event-based programs for each hour of an event
day as well as the days preceding and following an event day. Impacts are to be
reported for various day types using a format shown in Table 4-1. In this section,
we provide a simple example of how those protocols can be met using a
regression-based methodology.

This example was developed using residential customer data for the CPP rate
from California’s Statewide Pricing Pilot for the summer of 2004. Only data from
climate zone 3 (the hot, climate zone representing California’s central valley) was
used. This analysis was completed using STATA, a common statistical package.
It should be noted that we did not spend a significant amount of time refining the
model specification, although this should be a key area of attention for regression-
based evaluations. Our focus here is on demonstrating how to use regression
techniques to meet the protocol requirements.

The estimated regression model has the following form:
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24
Eiy = Bo +B:CPPday +Y  (Bgjhour; x CPPday )+ B 4(CPP; x CDH; ) #85(CAC, x CDH; ) +
i=2

24
Bo(CDHrunup; ) +B,(CDH24hrlag; ) +ngjhourj (4-4)
=2

Where

CPPday = 1 on an event day, 0 otherwise

CPP = 1 during the event period on event days, 0 otherwise

Hour; = 1 for hour i, 0 otherwise

CAC = 1 for customers with central air conditioning, O otherwise
CDH; = Cooling degree hours to base 75° F in hour i

CDHrunup; = cumulative cooling degree hours in the day prior to hour i

CDH24lag; = cooling degree hours in hour i the day before the event day

The hourly binary variables capture the non-weather dependent load shape on
non-critical days whereas the hourly variables interacted with the CPP day binary
variable estimate the difference in the load in each hour on CPP days relative to
non-critical days. The interaction between the CPP event binary variable and the
cooling degree hour variable allows one to estimate the change in the program
impact as cooling degree hours change. In order to estimate impacts on the day
preceding or following an event day, binary variables representing these days
interacted with the hourly binary variables could be included in the specification.
For simplicity and ease of interpretation, we did not include these variables in the
example.

Figure 4-2 contains the regression output for the model. As seen, the cooling
degree hours variable has a strong positive relationship when interacted with
central air conditioning, indicating that energy use increases with cooling degree
hours for households with air conditioning. The negative sign on the interaction
term between degree hours and the CPP variable, which equals 1 during CPP
hours, 0 otherwise, indicates that energy use drops more during the event hours
when the day is hotter than when it is cooler. This is logical as there is more load
to drop on hotter days due to air conditioning use. The positive sign on the
interaction term between the hour of the day and the CPP day binary variable for
the hours immediately preceding and following the event period indicates a small
amount of pre-cooling and a significant snapback effect. Tests of joint
significance applied to the results from the event hours and the surrounding hours
indicate that the CPP impacts are statistically significant and in the expected
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direction across the event period hours (2-7 pm), pre-event hours (12-2 pm), and
post-event hours (7-9 pm).
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Figure 4-2: Regression Output

kWh Coef.  Std.Err. t P>t
CPPday -0.0097 0.0149 -0.65 0.516
CPPxCDH -0.0070 0.0013 -5.31 0
CACXCDH 0.0329 0.0006 53.95 0
CDHrunup 0.0017 0.0000 38.64 0
CDH24hrlag 0.0138 0.0006 24.15 0
Hourly weather independent CPP Impacts
(1:00 am is used as the reference value)
2:00 -0.0227 0.0150 -151 0.1310
3:00 -0.0549 0.0191 -2.88 0.0040
4:00 -0.0644 0.0212 -3.04 0.0020
5:00 -0.0466 0.0225 -2.07 0.0380
6:00 -0.0374 0.0233 -1.61 0.1080
7:00 -0.0240 0.0238 -1.01 0.3150
8:00 -0.0228 0.0242 -0.94 0.3450
9:00 -0.0068 0.0244 -0.28 0.7800
10:00 -0.0311 0.0245 -1.27 0.2050
11:00 -0.0128 0.0247 -0.52 0.6040
12:00 -0.0136 0.0248 -0.55 0.5820
13:00 (pre event hour) 0.0400 0.0249 1.61 0.1080
14:00 (pre event hour) 0.0496 0.0250 1.99 0.0470
15:00 -0.0643 0.0323 -1.99 0.0460
16:00 -0.0334 0.0330 -1.01 0.3110
17:00 -0.0043 0.0330 -0.13 0.8970
18:00 0.0304 0.0321 0.95 0.3430
19:00 0.0479 0.0303 1.58 0.1140
20:00 (snapback period) 0.2314 0.0242 9.54 0.0000
21:00 (snapback period) 0.3037 0.0237 12.8 0.0000
22:00 (snapback period) 0.2595 0.0229 11.35 0.0000
23:00 (snapback period) 0.1953 0.0213 9.18 0.0000
0:00 0.1071 0.0181 5.92 0.0000
Weather independent load profile
(1:00 am is used as the reference value)
2:00 -0.1119 0.0044 -25.55 0.0000
3:00 -0.1850 0.0057 -32.49 0.0000
4:00 -0.2152 0.0065 -33.36 0.0000
5:00 -0.2232 0.0069 -32.23 0.0000
6:00 -0.1836 0.0072 -25.36 0.0000
7:00 -0.0949 0.0074 -12.74 0.0000
8:00 -0.0231 0.0076 -3.04 0.0020
9:00 0.0187 0.0077 2.44 0.0150
10:00 0.0579 0.0077 7.48 0.0000
11:00 0.0952 0.0078 12.18 0.0000
12:00 0.1063 0.0079 13.37 0.0000
13:00 0.1243 0.0082 15.21 0.0000
14:00 0.1500 0.0085 17.70 0.0000
15:00 0.1056 0.0087 12.08 0.0000
16:00 0.1744 0.0089 19.55 0.0000
17:00 0.2763 0.0089 31.06 0.0000
18:00 0.3675 0.0087 42.45 0.0000
19:00 0.4090 0.0082 49.74 0.0000
20:00 0.5101 0.0076 66.72 0.0000
21:00 0.5976 0.0071 84.48 0.0000
22:00 0.5572 0.0065 85.47 0.0000
23:00 0.3662 0.0058 63.58 0.0000
0:00 0.1668 0.0045 37.33 0.0000
Constant 0.7133 0.0019 371.94 0.000
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Figure 4-3 shows how the predicted values compare with actual values on the
average critical event day in 2004. As seen in Figure 4-3, the model does a good
job of tracking actual energy use on event days, including the substantial
snapback effect that occurs following the end of the event period. The estimated
impacts equal the difference in the two lines in Figure 4-3 labeled “predicted
energy use without DR” and “predicted energy use with DR.” The figure also
illustrates a significant drop in load impacts in the last two hours of the event
period. The impact estimates illustrated in Figure 4-3 are shown in Table 4-6,
which is in the format required by Protocol 3 for the average event day.

Figure 4-3

Statewide Pricing Pilot 2004 Load Impacts

Actual energy use with DR —— Predicted energy use without DR —=— Predicted energy use with DR

Average kWY

7 18 19 20 21 22 23 24
Hour Ending
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Table 4-6
Day Type: Average Event Day for 2004 SPP Residential - Climate Zone 3

Per participant load impacts
Percentiles
. Mean (kW)
Hour Ending|| Temperature 10% 50% 90%
1 71.2 -0.009 0.011 -0.010 -0.030
2 70.0 -0.033 -0.008 -0.032 -0.057
3 68.8 -0.064 -0.039 -0.064 -0.090
4 67.8 -0.074 -0.047 -0.074 -0.101
5 66.9 -0.057 -0.030 -0.057 -0.084
6 66.1 -0.047 -0.019 -0.047 -0.074
7 65.9 -0.034 -0.007 -0.034 -0.061
8 67.2 -0.033 -0.005 -0.032 -0.060
9 70.1 -0.017 0.011 -0.017 -0.044
10 74.4 -0.041 -0.013 -0.041 -0.068
11 78.7 -0.022 0.005 -0.022 -0.049
12 82.9 -0.023 0.004 -0.023 -0.051
13 86.4 0.030 0.058 0.030 0.002
14 89.1 0.040 0.067 0.040 0.013
15 90.8 -0.185 -0.158 -0.185 -0.212
16 91.7 -0.160 -0.132 -0.160 -0.188
17 91.6 -0.131 -0.104 -0.131 -0.159
18 90.5 -0.090 -0.062 -0.090 -0.117
19 88.2 -0.057 -0.030 -0.057 -0.085
20 84.5 0.222 0.249 0.222 0.195
21 80.2 0.294 0.320 0.294 0.267
22 76.7 0.250 0.275 0.250 0.225
23 74.3 0.186 0.210 0.186 0.162
24 72.6 0.097 0.118 0.097 0.077

The uncertainty adjusted load impacts shown in the right-hand columns in Table
4-6 can be generated in two ways.

One approach involves using the regression model to compute the difference in
the mean predicted load with and without the DR in effect, and using the standard
errors of the predictions to estimate the uncertainty surrounding that difference,
i.e., the confidence intervals. The exact equation to use for this calculation will
vary depending on whether or not the variances of the predictions are equal and
the size of the sample (small samples require adjustments). Assuming the
variance of the estimates is equal and the sample size is sufficiently large, the load
impact (difference of mean predictions) and the standard error of the difference
are given by the following formulas:
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AVERAGE LOAD IMPACT = X, — X;

Where YO =Energy use with DR and
X, =Energy use without DR

STANDARD ERROR OF THE DIFFERENCE
Sg+S
S%-% = %
Where s, = Standard error of predicted energy use with DR, and
s, = Standard error of predicted energy use without DR

An alternative approach to estimating the uncertainty adjusted impacts is Monte
Carlo simulation. Monte Carlo simulation will produce the same results provided
the simulation includes enough draws (trials). Monte Carlo simulations employ a
transparent, brute force approach in which random draws are made from the
probability distributions of factors that affect the outcome. The uncertainty
adjusted impact estimates in Table 4-6 were produced using Monte Carlo
simulation. Figure 4-4 shows how the distribution of DR impacts (in percentage
terms) looks in each hour based on the model shown in Figure 4-2.

Figure 4-4
Distribution of DR Impacts by Hour

Hourly % Load Reductions - CPP Period

M = Reduction -
[ % Reduction -
M = Reduction -
[ % Reduction -
M = Reduction -

Hour 15
Hour 16
Hour 17
Hour 18
Hour 19

Frobability

4

0.0% 10.0% 20.0%

A significant advantage of Monte Carlo simulation is that it allows you not only
to incorporate uncertainty due to forecast error, but to also incorporate uncertainty
in the explanatory variables. Given information on the distribution in temperature
or degree hours around some mean value in each hour, for example, one can use
simulation to produce a probability distribution of impacts that reflects the
uncertainty in both weather and the predictive power of the underlying model
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The steps outlined below illustrate how to produce probability distributions that
reflect both modeling error and uncertainty in the distribution of key explanatory
variables such as weather:

1. Predict the load with the DR program in effect by temperature level and
hour of day, with a 90% confidence interval for each prediction.

2. Predict the load without DR program in effect by temperature level and
hour of day, with the 90% confidence interval for each prediction.

3. Base the weather distribution for each hour of the day by day type from
historical data about the same type of day, including a) the mean b)
standard deviation c) autocorrelation. A better approach is to fit and
compare a range of distributions to the actual weather data, by hour, for
that day type and include the hourly auto-correlation of weather. This is
preferred because distributions may be skewed, have long tails, or be
bimodal, i.e., they may be non-normal.

4. Run asimulation allowing the temperatures to vary (taking into account
the actual correlations). The appropriate distribution for the load with and
without DR would be created by drawing the mean and standard error of
the hour and temperature lookup tables. The draw from these
distributions of load with and without the DR program in effect would in
turn be used to calculate the load impact for each.

5. Extract the resulting summary statistics from the resulting distributions of
the Monte Carlo simulation.

4.2.3 Other Methodologies

Sections 4.2.1 and 4.2.2 provided an overview and discussion of issues associated
with the two primary methods of estimating ex post impacts for event-based DR
programs, day-matching and regression analysis. Regression analysis is a less
transparent but more robust and flexible tool than day-matching. It is the
recommended default option whenever ex ante estimation is required unless other
considerations, such as erratic consumer behavior, lack of variability, data
limitations, budget constraints, or the limited importance of a program due to its
small size, suggest that an alternative approach is preferred. This section covers
some of the additional options that might be considered if one or more of these
conditions is present.

One approach already mentioned is sub-metering. Sub-metering is primarily
useful in situations where the load contributing to demand response is relatively
easy to isolate without rewiring or other costly procedures. An example is when
load response is associated with a single piece of end-use equipment (e.g., an air
conditioner, pump or other large motor).
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If the isolated equipment is always on except when interrupted for an event, sub-
metering will provide a very accurate estimate of load impact by simply
comparing load just prior to and after the beginning of an event period. If the
equipment has a duty cycle, and one that differs across days due to variation in
weather or some other variable, there will still be a need to develop a reference
load shape or, alternatively, use regression analysis to predict the “but for” load.
However, this task will typically be much simpler when the data being used
reflects the only relevant load rather than total premise load. Sub-metering may
be necessary if there is significant variability in premise load and the DR impact
is small relative to total premise load. In these circumstances, day matching and
regression analysis are unlikely to generate statistically significant impact
estimates, even if the load reduction is reasonably large in absolute terms (but not
relative to the total premise load).

Another method that might be useful in limited situations is engineering analysis.
As discussed previously, engineering analysis is much less useful for estimating
the impacts associated with most DR programs because impacts are driven much
more by consumer behavior than by technology implementation. Even some
technology enabled DR programs, such as those using programmable
communicating thermostats, have a strong behavioral component since consumers
can vary the automated set point and/or override the predetermined setting
whenever they wish. For very large loads, there may be situations where the
CAISO or utility has direct control over the equipment for emergency purposes,
thus eliminating any behavioral influence. Under these circumstances,
engineering analysis might produce accurate impact estimates, but these loads are
likely to be sub-metered so that impacts can be measured directly.

An example where engineering analysis might be useful would be if a program
targeted continuously running pumps and the pumps were remotely controlled
during DR events. In this case, one could conduct a survey to gather information
on the horsepower associated with each pump and use simple engineering
calculations to convert that data into estimates of connected load. DR impacts
could then be calculated based on the control strategy that was used for each
event. However, this somewhat contrived example may have little practical value
as these circumstances are rare.

Another approach is to combine end-use metering with engineering calculations.
This approach was employed in the evaluation of SCE’s air conditioning cycling
program for residential customers, and termed the Duty Cycle Approach.** The
approach is designed to take into account the fact that load cycling impacts vary
across program participants by temperature, hour of day, size of the A/C unit, and
the share of time the A/C unit is in operation (the duty cycle). The Duty Cycle
Approach is designed to create a reference value for A/C load by collecting data
about:

% Quantum Consulting Inc. The Air Conditioner Cycling Summer Discount Program Evaluation Study.
January 2006.
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The total connected load for each enrolled participant, and

The share of connected load utilized by hour of day and temperature bin (for non-event
days).

The specific load impacts are then calculated by:

e ldentifying the average share of connected load utilized during the
appropriate temperature and time bins (average duty cycle), and

e Calculating program load impacts by taking into account the average duty
cycle, total connected load of each participant, participant cycling
selections, and the cycling device failure rate.

Importantly, the approach is able to provide load impact estimates for both ex post
and ex ante scenarios as well as information about the uncertainty of those
estimates.

Still another approach to impact estimation for event-based programs involves the
use of what might be called operational experimentation. By operational
experimentation, we mean the selective exercise of a program on a sub-sample of
participants with the sole or primary purpose of generating data for impact
estimation. This is perhaps best understood with an example constructed once
again around an air conditioner cycling program.

Given the typically large number of customers participating in load control
programs, there are plenty of customers from which a small sample can be drawn
for experimental purposes. One could split this sample into two groups, again
using random sampling, and either install an interval meter on the whole house or
on the air conditioning unit to obtain the data necessary to determine load
impacts. With the metering in place, one could experiment with different load
control strategies and event windows across a variety of day types to generate a
database that would allow you to estimate impacts under various conditions. The
control and treatment groups could be alternated to ensure that there is no
correlation between customer characteristics and impacts. Given that this
approach provides data on both a control and treatment group on event days, a
simple comparison of means on event days would provide a valid estimate of
average impacts. However, if ex ante estimates are needed, regression analysis
would be required. Operational experimentation would be very cost-effective and
straightforward if interval meters were already in place (as they ultimately will be
in California), and if incentives are largely fixed (that is, if customer payments are
not event-specific). This approach could be quite useful for relatively new DR
programs or even for long-standing emergency programs that are not triggered
very frequently. In these situations, there may not be sufficient data on event days
to estimate impacts using other methods.
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