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Abstract

This report documents an ex post load impact etialuéor the Demand Bidding
Program (“DBP”) administered by Pacific Gas andckle Company (“PG&E”) and
Southern California Edison (“SCE”). The evaluatfost reports on the estimation of
DBP load impacts that occurred on the event dalfsdcduring the 2011 program year at
PG&E and SCE and then presents the ex ante loaacisifor 2012 through 2022.

In addition, Decision 12-04-045 issued by the @afifa Public Utilities Commission
(CPUC) on April 19, 2012 requires a baseline anslfgs DBP. Baselines are the basis
for DBP payments to customers, as they represéimass of the hourly energy that the
customer would have used in the absence of a DBRteVhis report contains the
baseline evaluation required by the Decision.

DBP is a voluntary demand response bidding proghreatnprovides enrolled customers
with the opportunity to receive financial incentviea payment for providing load
reductions on event days. Credits are based odiffieeence between the customers’
actual metered load during an event to a basediae that is calculated from each
customer’s usage data prior to the event. Custoarersotified of events by 12:00 noon
on the previous day.

PG&E called two four-hour test events on Septerieand September 22 SCE called
five DBP events in 2011, all lasting from noon tp.&. Enrollment in PG&E’s DBP was
1,039 service accounts in 2011. The sum of enra@llestiomers’ non-coincident
maximum demands was 1,099 MW. Enrollment in SCB® Was 1,416 service
accounts in 2011. The sum of enrolled customerms*ecwncident maximum demands
was 1,370 MW.

Ex post load impacts were estimated from regresanatysis of customer-level hourly
load data, where the equations modeled hourly &saal function of variables that control
for factors affecting consumers’ hourly demand levBBP load impacts for each event
were obtained by summing the estimated hourly eveetfficients across the customer-
level models.

The total program load impact for PG&E's test egemteraged 57 MW, or 7.0 percent of
enrolled load. The load impacts differed somewkeabss the two event days, with a 67
MW load impact on the first test event and a 47 Nda&H impact for the second test
event.

For SCE, average hourly program load impacts aeeragproximately 78 MW across
four events, or 7.6 percent of the total referdned. The event-specific load impacts
ranged from a low of 70 MW to a high of 89.5 MW.

We separately summarized average event-hour lopddts for customers participating
in the Technical Assistance and Technology Incestid A/TI) program or the
Automated Demand Response (AutoDR) program. ForPGBe TA/TI service account
provided 122 kW of load impacts and AutoDR sendceounts provided 16.8 MW. For
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SCE, TA/TI service accounts provided 6.4 MW of laagbacts and AutoDR service
accounts provided 13.2 MW.

The baseline analysis analyzed measuresadfracy(how close the program baseline is
to the "true" baseline) artdas (whether the program baseline has a tendency abbee
or below the "true" baseline). The findings difi@omewhat across utilities and
customer groups. For PG&E, a 30 percent adjusteagmproduces the most accurate
baselines. For SCE, a 40 percent adjustment cajupes the most accurate baselines
across all bidding customers, but a 20 perceniast accurate for customers who
have selected the day-of adjustment.

For PG&E ,biasis slightly exacerbated by the day-of adjustmentcfistomers who have
selected it. However, the results show that theafaadjustment (at any cap level) would
nearly eliminate bias for the median customer antbnge who have not yet selected it.
At SCE, the results indicate that bias is substiptieduced by the day-of adjustment,
regardless of whether the customer has selectedbtref adjustment. For customers
who have selected the optional adjustment, biagngnized with a 20 percent
adjustment cap. For customers who have not yetteele¢he optional adjustment, bias is
minimized with a 40 percent cap.

In the ex ante evaluation, SCE forecasts that Difoener enrollment to increase
substantially in 2013, decline slightly in 2014 aedain at that level through 2022.
During this period, SCE's average event-hour logghict is approximately 89.9 MW.
For PG&E, DBP enroliment increases by 4.9 perae20il3 because of the
incorporation of PeakChoice customers, after wkhehgrowth rate declines to
approximately 0.4 percent by the end of the forettaeframe. PG&E's program-level
load impacts decline from 49.2 MW in 2012 to 34.WNh 2022. For both utilities, the
portfolio-level load impacts are substantially |&san the program-level load impacts
because of the high level of load response provigeclistomers dually enrolled in the
Base Interruptible Program (BIP). For SCE, thefptid-level load impact is 11.9 MW
from 2015-2022. For PG&E, the portfolio-level lomapact increases from 12.8 MW in
2012 to 19.3 MW in 2022.
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Executive Summary

This report documents ex post load impact evalnatfor the statewide Demand Bidding
Program (“DBP”) in place at Pacific Gas and Elec€ompany (“PG&E”) and Southern
California Edison (“SCE”) in 2011. (San Diego Gasl &lectric Company discontinued
its program in 2009.) The report provides estimate=x post load impacts that occurred
during events called in 2011 and an ex ante fotexfdead impacts for 2012 through
2022 that is based on utility enrollment forecastd the ex post load impacts estimated
for program years 2009 through 2011.

In addition, Decision 12-04-045 issued by the @atifa Public Utilities Commission
(CPUC) on April 19, 2012 requires a baseline analigg DBP. Baselines are the basis
for DBP payments to customers, as they represéintass of the hourly energy that the
customer would have used in the absence of a DBRteVhis report contains the
baseline evaluation required by the Decision.

The primary research questions addressed by thisation are:

What were the DBP load impacts in 20117

How were the load impacts distributed across ingugioups?

How were the load impacts distributed across CAI&l capacity areas?
What were the effects of TA/TI and AutoDR on cuséottevel load impacts?
How do alternative baseline methodologies perform?

What are the ex ante load impacts for 2012 thr&afp?

ok whE

ES.1 Resources covered

DBP Program

DBP is a voluntary bidding program that offers dfied participants the opportunity to
receive bill credits for reducing power when a D8Rnt is triggered. First approved in
CPUC D.01-07-025, modifications have been madbad@togram, including changes
made for the 2006-2008 program cycle at the dweatif the CPUC in D.05-01-056. In
that decision, the Joint Utilities were directecctmtinue their DBP programs. The
utility’'s DBP programs are designed for non-restddrtustomers, both bundled service
and direct access customers. Customers must hi@veghaccess and communicating
interval metering systems approved by each of ¢ivg Wtilities. A DBP event may
occur any weekday (excluding holidays) betweerhth@s of noon and 8:00 pm and are
triggered on a day-ahead basis. These events neay aicany time throughout the year.
DBP customers may participate in another demarmbres (DR) program, but that DR
program must be a capacity-paying program with sdayenotification (e.g., Base
Interruptible Program). For simultaneous or ovarlag events, the dual-participants
receive payment for the capacity-paying programrastdor the simultaneous hours of
DBP.

PG&E called two test events in 2011, on SeptemBem@l 22%. The event window for
both events was hours ending 15 through 18. SA&dcive events, all of which were
eight-hour events from hours-ending 13 through 20.
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Enrollment

Enrollment in PG&E’s DBP decreased slightly betwé®snlast two program years, from
1,052 in 2010 to 1,039 in 2011. The sum of enrotlestomers’ non-coincident
maximum demands amounted to 1,099 MW, or 1.1 MWsperice account. Average
hourly usage for enrolled customers was 725 MW63& kW per service account. The
manufacturing; and offices, hotels, health caresardices industry groups made up the
majority of PG&E’s DBP enrollment. Figure ES.1 8hluates the distribution of DBP load
across the indicated industry types.

Figure ES.1 Distribution of DBP Enrollment by Industry Type — PG&E

Ent, Other svcs, Govt.  gther
10% 0% Ag., Mining, Constr.
6%

Schools
2%

Offices, Hotels, Health,
Services
26%

Manufacturing
39%

Retail

3%
Whole., Trans., Util.
14%

SCE’s enrollment in DBP decreased slightly from21,4ervice accounts in 2010 to
1,416 in 2011. These accounted for a total of 1Y@ of maximum demand, or 1.0
MW per service account. Manufacturers continueshéie up more than half of the
enrolled load. Figure ES.2 illustrates the distiitouof SCE’s DBP load across the
indicated industry types.
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Figure ES.2 Distribution of DBP Enrollment by Industry Type — SCE
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Bidding Behavior

As in previous years, a relatively small percentaigihe customer accounts enrolled in
DBP actually submitted bids for most events. FORE(97 service accounts,
representing approximately 22 percent of the eaddibad, submitted a bid for at least
one of the test events. At SCE, 356 service acspugpresenting 60 percent of the
enrolled load, submitted at least one bid during120

ES.2 Evaluation Methodology

We estimated ex post load impacts using regressiatysis of customer-level hourly
load data. Individual-customer regression equatinadeled hourly load as a function of
several variables designed to control for factéiecing consumers’ hourly demand
levels, including:

» Seasonal and hourly time patteregy( year, month, day-of-week, and hour, plus
various hour/day-type interactions);

* Weather €.g, cooling degree hours, including hour-specific thea
coefficients);

* Event indicator (dummy) variables. A series of &hles was included to account
for each hour of each event day, allowing us torege the load impacts for each
hour of each event day.

DBP load impacts for each event were obtained bynsing the estimated hourly event
coefficients from the customer-level regressiortee ihdividual customer models allow
the development of information on the distributadioad impacts across industry types

(6]
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and geographical regions, by aggregating custooaer impacts for the relevant industry
group or local capacity area.

ES.3 Ex Post Load Impacts

The total program load impact for PG&E'’s test egemteraged 57 MW, with a 67 MW
load reduction (8.3 percent of enrolled load) fo# first event, and 47 MW (5.6 percent
of enrolled load) for the second event. Of the ager57 MW load impact across the two
events, 45 MW came from customers enrolled in @k and BIP.

For SCE, average hourly program load impacts aeeragproximately 78 MW across

four events- The load impacts across the four event days rafigeda low of 70 MW to
a high of 89.5 MW. On average, the load impactsvegproximately 7.6 percent of the
total reference load.

On a summary level, the average per-customer évantioad impact was 55 kW for
PG&E's program and 57 kW for SCE's program.

ES.4 TA/TI and AutoDR Effects

We separately summarized average event-hour lopdadts for customers participating
in the Technical Assistance and Technology Incestid A/TI) program or the
Automated Demand Response (AutoDR) program.

Our goal was to estimate bdtital andincrementaload impacts for TA/TI and AutoDR.
Total load impacts are simply the sum of the ediahdoad impacts for the TA/TI and
AutoDR customers, as estimated using the methaostgided in Section ES.2.
Incrementalload impacts are the load impacts achieved byethastomers less the
amount of the load impact one would expect in teeace of TA/TI or AutoDR.

Given data limitations, we were unable to estimmalbi@able incremental load impacts.
Specifically, we developed comparison groups adagrtb industry classifications (SIC
codes for SCE and NAICS codes for PG&E). Our figdinevealed that the industry-
level comparisons are based on too few customgrsotiuce reliable results.

In addition, we lack sufficient information on tbemparison and "treatment” (AutoDR
or TA/TI) customers to ensure that the comparisoralid. Specifically, we do not know
relevant information about the comparison grougarsrs, such as details regarding
their technological processes (and hence theiityatol reduce load during event hours)
or whether they possess enabling technology.

The total load estimated load impacts are summaasdollows. For PG&E, the TA/TI
service account provided 122 kW of load impacts AntbDR service accounts provided
16.8 MW. For SCE, TA/TI service accounts provided @W of load impacts and
AutoDR service accounts provided 13.2 MW.

1 A fifth event was called for October "1 3ut this date fell outside of our analysis tinaefie.

6 CA Energy Consulting



ES.5 Baseline Analysis

DBP uses a 10-in-10 baseline method, includingmional day-of adjustment based on
the ratio of the current day's pre-event usagd levihe usage level in the same period
for the 10-in-10 baselineThe tariff language currently limits this adjustmeo +/- 20
percent. The utilities proposed an aggregated 4Bibaseline with the optional day-of
adjustment limited to +/- 40%. As required by Dems12-04-045, this report studies the
following alternative baseline methodologies: unat@d baselines, and day-of adjusted
baselines with cap percentages of 20, 30, 40, GqekEent, as well as an uncapped
adjustment.

Data from each event day from July 2011 throughte&3eper 2011 were studied. The
alternate baselines were compared to the estinhaiseline load implied by the
customer-specific regression models developedarctiurse of the DBP load impact
evaluation. Measures atcuracy(how close the program baseline is to the "true"
baseline) antbias (whether the program baseline has a tendency &bbee or below the
"true" baseline) were used in the evaluation.

The findings differed somewhat across utilities angtomer groups. For PG&E, a 30
percent adjustment cap produces the most accuaiagdifies. For SCE, a 40 percent
adjustment cap produces the most accurate basalness all bidding customers, though
the error rate does not vary much with the capllévewever, removing the cap entirely
produces a large reduction in baseline accuracy i@sult is largely driven by the results
for one large industrial customer). For customens Wave selected the day-of
adjustment, the variation in accuracy across aterae cap levels is larger, with a 20
percent cap level producing the most accurate in&sel

For PG&E ,biasis slightly exacerbated by the day-of adjustmentcfistomers who have
selected it, and the bias displays little varia@noss the alternative cap levels.
However, the results show that the day-of adjustr(erany cap level) would nearly
eliminate bias for the median customer among thdsehave not yet selected it.

At SCE, the results indicate that bias is substiptieduced by the day-of adjustment.
This is true regardless of whether the customeshbisted the day-of adjustment. For
customers who have selected the optional adjustrbes is minimized with a 20 percent
adjustment cap. For customers who have not yetteelehe optional adjustment, bias is
minimized with a 40 percent cap.

ES.6 Ex Ante Load Impacts

Scenarios of ex ante load impacts are developaxbimpining enroliment forecasts with
per-customer reference loads and load impacts,hwiere developed using the data and
results of the ex post load impact evaluation.

2 The 10-in-10 baseline is calculated as the avesagegy usage for each hour across the ten masitrec
non-event weekdays. The day-of adjustment is Gatledi using average hourly consumption in the first
three hours of the four hours prior to the evemigoe
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PG&E forecasts its DBP enrollments to increase.Bypércent in 2013, with the growth
rate declining steadily through 2022. By the enthefforecast timeframe, the annual
increase in enrollments is 0.4 percent.

Because SCE will allow smaller (under-200 kW) costos to enroll in DBP beginning
in 2013, program enrollment is forecast to increadestantially in that year, adding
approximately 1,100 under-200 kW customers to thgnam. At the end of 2013, SCE
plans to remove non-performing customer from ther€00 kW customer group, which
is expected to result in the removal of 662 custsrrem the program. From 2015
through 2022, total enrollment is forecast to #89,customers.

Figures ES.3 and ES.4 show the ex ante load impacBG&E and SCE, respectively.
Both figures illustrate the large difference betw@eogram-level load impacts (which
include all customers enrolled in DBP) and portddivel load impacts (which exclude
customers dually enrolled in the Base Interrupt®degram, or BIP). This is because
customers dually enrolled in BIP tend to be lamyst more demand responsive than
other DBP customers.

Figure ES.3: Average 1-in-2 Weather Year Load Impats by Year and Scenario,
PG&E
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Figure ES.4: Average 1-in-2 Weather Year Load Impats by Year and Scenario,

Average Event-Hour Load Impact (MW)

100.0

90.0

70.0

60.0

50.0

40.0 +

30.0

20.0 -

10.0 -

0.0

SCE

O Program 1in2

@ Program 1in10
O Portfolio 1in2

Portfolio 1in10

NN
NN
N

2012

2013 2014
Year

2015-2022

CA Energy Consulting



1. Introduction and Purpose of the Study

This report documents ex post load impact evalnatfor the statewide Demand Bidding
Program (“DBP”) in place at Pacific Gas and Elec€ompany (“PG&E”) and Southern
California Edison (“SCE”) in 2011. (San Diego Gasl &lectric Company discontinued
its program in 2009.) The report provides estimate=x post load impacts that occurred
during events called in 2011 and an ex ante fotexfdead impacts for 2012 through
2022 that is based on utility enrollment forecastd the ex post load impacts estimated
for program years 2009 through 2011.

In addition, Decision 12-04-045 issued by the @atifa Public Utilities Commission
(CPUC) on April 19, 2012 requires a baseline analigg DBP. Baselines are the basis
for DBP payments to customers, as they represéintass of the hourly energy that the
customer would have used in the absence of a DBRteVhis report contains the
baseline evaluation required by the Decision.

The primary research questions addressed by thisation are:

What were the DBP load impacts in 20117

How were the load impacts distributed across ingugioups?

How were the load impacts distributed across CAI&fl capacity areas?
What were the effects of TA/TI and AutoDR on cuséottevel load impacts?
How do alternative baseline methodologies perform?

What are the ex ante load impacts for 2012 thr&afp?

ok wnE

The report is organized as follows. Section 2 dosta description of the DBP programs,
the enrolled customers, and the events calledj@®e8tdescribes the methods used in the
study; Section 4 contains the detailed ex post imguhct results, including estimates of
the incremental effect of TA/TI and AutoDR on laatpacts; Section 5 contains a study
of the program baseline methodologies; Sectionsgrilees the ex ante load impact
forecast; Section 7 contains an assessment ofliwty of the study; and Section 8
provides recommendations.

2. Description of Resources Covered in the Study

This section provides details on the Demand Bidéinagrams, including the credits
paid, the characteristics of the participants dadain the programs, and the events called
in 2011.

2.1 Program Descriptions

DBP is a voluntary bidding program that offers dfied participants the opportunity to
receive bill credits for reducing power when a D8Rnt is triggered. First approved in
CPUC D.01-07-025, modifications have been madbad@togram, including changes
made for the 2006-2008 program cycle at the dweatif the CPUC in D.05-01-056. In
that decision, the Joint Utilities were directecctmtinue their DBP programs. The
utility’'s DBP programs are designed for non-restddrtustomers, both bundled service
and direct access customers. Customers must hi@veghaccess and communicating
interval metering systems approved by each of ¢ivg Wtilities. A DBP event may

10 CA Energy Consulting



occur any weekday (excluding holidays) betweerhth#&s of noon and 8:00 pm and are
triggered on a day-ahead basis. These events neay atcany time throughout the year.
DBP customers may participate in another demargbree (DR) program, but that DR
program must be a capacity-paying program with sdayenotification (e.g., Base
Interruptible Program). For simultaneous or ovarlag events, the dual-participants
receive payment for the capacity-paying programrastdor the simultaneous hours of
DBP.

PG&E’s DBP Program

At PG&E, DBP is available to time-of-use customeith billed maximum demands of
200 kW or higher (less for aggregated customernsEaccounts) who commit to reduce
load by a minimum of 50 kW in each hour for two secutive hours during a DBP
event. Eligible customers must have an intervalemehich is paid for by PG&E, except
for direct access customers. For aggregated custegndce accounts, there must be at
least one service agreement with a maximum dema2d®kW or greater for at least
one or more of the past 12 billing months withicleaggregated group that will be
designated as the primary service agreement faxggesgated group.

The DBP program operates year-round and can beddam 12:00 p.m. to 8:00 p.m. on
weekdays, excluding holidays. There is no limithte number of days on which DBP
events may be called. Notification of an event ggyrovided on a day-ahead basis.
Events are triggered with a California ISO AlerttNe for the following day when the
California ISO’s day-ahead peak demand foreca$8,800 MW or greater, or when
PG&E, in its own opinion, forecasts that its othesources may not be sufficient or
otherwise too costly to procure. PG&E may alsovaté up to two DBP test events per
year in order to simulate an emergency event. Vmeevent is called, enrolled
customers may choose to bid a load reduction fetlent or not to participate for that
event.

The incentive payment is $0.50 per kWh reducedvbeldaseline level. Customers must
reduce load by a minimum of 50 percent of theirdmgbunt to qualify for a credit, and
they are paid for load reductions up to 150 peroétheir bid amount. The hourly
baseline for load reductions is calculated as Weeagye usage from the previous ten
qualifying days (non-holiday, non-event weekdaysdh the customer having the option
to include a day-of adjustment based on their ugages-event hours. There is no
penalty for failing to comply with the terms of teebmitted bid. Each bid must be a
minimum of two consecutive hours during the evBids must meet the threshold of 50
kW for each hour and customers may submit onlylmddor each event notification.

Although PG&E customers enrolled in DBP may papite in other DR programs (Day-
of notice in AMP, CBP, BIP, and OBMC), they do meteive a day-ahead DBP
incentive payment for those hours in which a dagwent from another DR program in
which the customer is enrolled occur simultaneausly
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SCE’s DBP Program

SCE’s DBP program design is similar to PG&E’s, witlo exceptions: enrolled
customers are required to commit to a minimum lealliction of 30 kW (versus 50 kW
at PG&E); and bidding customers are paid for laatlictions up to twice their bid
amount. DBP patrticipants may also participate iR Bf OBMC. However, the customer
will not receive DBP incentive payments during dapping event hours.

SDG&E’s DBP Program
SDG&E discontinued its DBP in 2009.

2.2 Participant Characteristics

2.2.1 Development of Customer Groups

In order to assess differences in load impactssaarastomer types, the program
participants were categorized according to eigttistry types. The industry groups are
defined according to their applicable two-digit MoAmerican Industry Classification
System (NAICS) coded:

Agriculture, Mining and Oil and Gas, Constructidd;, 21, 23
Manufacturing: 31-33

Wholesale, Transport, other Utilities: 22, 42, 48-4

Retail stores: 44-45

Offices, Hotels, Finance, Services: 51-56, 62, 72
Schools: 61

Entertainment, Other services and Government: 7193
Other or unknown.

ONOOAWNE

In addition, each utility provided information redang the CAISO Local Capacity Area
(LCA) in which the customer resides (if arfy).

2.2.2 Program Participants by Type

The following sets of tables summarize the charaties of the participating customer
accounts, including size, industry type, and LCADIE 2.1 shows DBP enrollment by
industry group for PG&E. Enrollment in PG&E’s DBRaeased slightly between the
last two program years, from 1,052 in 2010 to 1,032011° The sum of enrolled
customers’ non-coincident maximum demdndsnounted to 1,099 MW, or 1.1 MW for

% SCE provided Standard Industrial ClassificatiofC}Sodes in place of NAICS codes. The industry
groups were therefore defined according the follgn&IC codes: 1 = under 2000; 2 = 2000 to 3999; 3 =
4000 to 5199; 4 = 5200 to 5999; 5 = 6000 to 8199;8200 to 8299; 7 = 8300 and higher.

* Local Capacity Area (or LCA) refers to a CAISO-gesited load pocket or transmission constrained
geographic area for which a utility is requiredrieet a Local Resource Adequacy capacity requirement
There are currently seven LCAs within PG&E’s seevacea, 3 in SCE’s service territory, and 1
representing SDG&E'’s entire service territory.abidition, PG&E has many accounts that are not ¢éatat
within any specific LCA.

> "Enrollment" is defined as having been enrolledrat time during the program year.

® Customer-level demand is calculated as the averaee monthly maximum demands during the
program months.
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the average service account. Average hourly usagenfolled customers was 725 MW,
or 698 kW per service accouhthe manufacturing; and offices, hotels, healtte eard
services industry groups made up the majority o&BG DBP enrollment.

Table 2.1: DBP Enrollees by Industry group -PG&E

# of
. Sum of Max Sum of Mean % of Max | Ave. Max
Industry Type Service MW? MWh? MW MW
Accounts
1.Ag., Mining, Constr. 106 70.8 35.6 6.4% 0.7
2.Manufacturing 216 423.1 304.6 38.5% 2.0
3.Whole., Trans., Util. 153 155.9 78.2 14.2% 1.0
4 Retail 133 28.7 16.3 2.6% 0.2
E'-Off'ces' Hotels, 270 281.3 2015 25.6% 1.0
ealth, Services

6.Schools 37 23.7 12.1 2.2% 0.6
7.Ent, Other svcs, Govt. 122 114.7 75.8 10.4% 0.9
8.0Other 2 10 0.7 0.1% 0.5
TOTAL 1,039 1,099.0 724.8 1.1

Table 2.2 shows comparable information on DBP émeemit for SCE. SCE’s enrollment
in DBP decreased slightly from 1,421 service act®im2010 to 1,416 in 2011. These

accounted for a total of 1,370 MW of maximum demaordL.0 MW per service account.
Manufacturers continued to make up more than Hali@enrolled load.

Table 2.2: DBP Enrollees by Industry group -SCE

Industry Type S:;\?i]::e Sum of Max | Sum of Mean % of Max | Ave. Max
MW MWh MW MW
Accounts

1.Ag., Mining, Constr. 31 43.5 25.6 3.2% 1.4
2.Manufacturing 343 707.1 485.0 51.6% 2.1
3.Whole., Trans., Util. 161 99.6 57.3 7.3% 0.6
4. Retail 214 76.4 47.3 5.6% 0.4
5.0ffices, Hotels, 240 183.3 109.7 13.4% 0.8
Health, Services

6.Schools 321 69.7 20.5 5.1% 0.2
7.Ent, Other svcs, Govt. 106 190.3 120.3 13.9% 1.8
TOTAL 1,416 1,369.8 865.8 1.0

Tables 2.3 and 2.4 show DBP enrollment by locahcap area for PG&E and SCE

respectively.

" Average hourly usage is calculated as the sunsage during the program months divided by the numbe
of hours during the program months.
8 "Sum of Max MW" is defined as the sum of the naincident peak demands across service accounts,
where each service account's peak demand is cdwda the average of the five monthly peak demand
values from May through September.
°"Sum of Mean MWh" is defined as the sum of therage hourly usage values across service accounts.
Each service account's average usage is calcwdateds all hours from May through September.
10Ave. Max MW" is calculated as "Sum of Max MW" dtiked by the "# of Service Accounts".
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Table 2.3: DBP Enrollees by Local Capacity Area PG&E

Local Capacity # of Service Sum of Max | Sum of Mean % of Max | Ave. Max
Area Accounts MW MWh MW MW
Greater Bay Area 483 465.6 335.0 42.4% 1.0
Greater Fresno 55 46.7 29.8 4.2% 0.8
Humboldt 13 3.8 2.1 0.3% 0.3
Kern 53 38.0 22.0 3.5% 0.7
Northern Coast 74 45.8 25.7 4.2% 0.6
Not in any LCA 287 471.6 295.8 42.9% 1.6
Sierra 48 19.8 10.2 1.8% 0.4
Stockton 26 7.8 4.2 0.7% 0.3
TOTAL 1,039 1,099.0 724.8 1.1
Table 2.4: DBP Enrollees by Local Capacity Area SCE
Local Capacity # of Service Sum of Max | Sum of Mean % of Max | Ave. Max
Area Accounts MW MWh MW MW
LA Basin 1,110 906.1 562.5 66.1% 0.8
Outside LA Basin 67 184.2 120.5 13.4% 2.7
Ventura 239 279.5 182.8 20.4% 1.2
TOTAL 1,416 1,369.8 865.8 1.0

Tables 2.5 and 2.6 summarize the characteristicastbmer accounts that submitted a
bid for at least one 2011 event for PG&E and SCpeetively. For both utilities, the
manufacturing industry group had the highest amotitdad that submitted a bid.

Table 2.5: DBP Bidding Behavior PG&E

# Sum of Max | % of Enrolled Max Avg. Hourl
e A Bidders MW MWL Bl MW
1.Ag., Mining, Constr. 4 9.6 13.6% 0.6
2.Manufacturing 24 127.4 30.1% 49.5
3.Whole., Trans., Util. 25 54.6 35.0% 13.6
4 Retall 15 10.7 37.3% 3.1
g.Off_|ces, Hotels, Health, 16 502 18.6% 19
ervices
6.Schools 2 2.9 12.2% 0.3
7. Ent, Other svcs, Govt. 11 48.9 42.6% 3.6
TOTAL 97 306.3 27.9% 72.6

1o of Enrolled Max kW" is defined as the "Sum ofMkW" for bidders divided by the corresponding
value for all enrolled customers, where the cakbutais performed by industry group.
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Table 2.6: DBP Bidding Behavior -SCE

# Sum of Max % of Enrolled Avg. Hourly
e A Bidders MW Max MW Bid MW

1.Ag., Mining, Constr. 14 24.3 55.9% 7.1
2.Manufacturing 139 450.3 63.7% 1135
3.Whole., Trans., Util. 52 67.7 68.0% 10.6
4 Retall 24 43.7 57.2% 4.0
5.0ff|ces, Hotels, Health, 84 973 53.1% 75
Services

6.Schools 23 30.5 43.8% 1.7
7. Ent, Other svcs, Govt. 20 107.6 56.5% 2.5
TOTAL 356 821.4 60.0% 146.9

2.3 Event Days

Table 2.7 lists DBP event days for the two utisitie 2011. PG&E called two test events,
on September'8and 22°. The event window for both events was hours entlfhg
through 18. SCE called five events, all of whichreveight-hour events from hours-
ending 13 through 20.

Table 2.7: DBP Events — 2011

Date Day of Week | SCE | PG&E
7/5/2011 Tuesday 1
8/26/2011 Friday 2
9/7/2011 | Wednesday 3
9/8/2011 Thursday 4 1 (Test)
9/22/2011 Thursday 2 (Test)
10/13/2011 Thursday 5

3. Study Methodology

3.1 Overview

We estimated ex post hourly load impacts usingaggion equations applied to
customer-level hourly load data. The regressioraggn models hourly load as a
function of a set of variables designed to corfmofactors affecting consumers’ hourly
demand levels, such as:

» Seasonal and hourly time patteregy( year, month, day-of-week, and hour, plus
various hour/day-type interactions);

* Weather €.g, cooling degree hours, including hour-specific thea
coefficients);

» Event variables. A series of dummy variables watuoted to account for each
hour of each event day, allowing us to estimatddhd impacts for all hours
across the event days.

The models use the level of hourly demand (kWhasdependent variable and a separate
equation is estimated for each enrolled customsgia fesult, the coefficients on the event
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day/hour variables are direct estimates of theast lmad impacts. For example, a DBP
hour 15 event coefficient of -100 would mean tihat ¢ustomer reduced load by 100
kWh during hour 15 of that event day relative ribrmal usage in that hour. Weekends
and holidays were excluded from the estimationzita'?

3.2 Description of methods

3.2.1 Regression Model

The model shown below was separately estimateéesohn enrolled customer. Table 3.1
describes the terms included in the equation.

E 24 24
Q =a+ ) 3 (b2 xh, xDBR)+b* x MornLoad + 3" (h°™ xh, xOtherEvt,)

Evt=1 i=1 i=1

24 24 24 24
+2 (0" xh  xCDH,) + > (6" xh  x MON,) + > (07 xh xFRI) + > (b" xh )
i=1 i=2 i=2 i=2

5 10
+ z (bIDTYPE X DTYPE‘t) + z (l)IMONTH X MONTHI ‘t) + b{Summerx Summqr

i=2 i=6

24 24
+> (0" xh  x SummerxCDH,) + > (b""* xh , x Summer MON, )
i=1

i=2

24 24
+3 (S xh, x Summer FRI) + 3" (B xh, x Summe) +¢
i=2

i=2

12 |ncluding weekends and holidays would requireatidition of variables to capture the fact that load
levels and patterns on weekends and holidays d¢&m dreatly from those of non-holiday weekdays.
Because event days do not occur on weekends alalyslithe exclusion of these data does not affiect t
model’s ability to estimate ex post load impacts.
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Table 3.1: Descriptions of Terms included in the EXost Regression Equation

Va”?ble Name Variable / Term Description
Term
o the demand in hour t for a customer enrolled in DBP prior to the last event
date
The various b’s | the estimated parameters
hi a dummy variable for hour i
DBP; an indicator variable for program event days
CDH, cooling degree hours™
E the number of event days that occurred during the program year
MornLoad, a variable equal to the average of the day’s load in hours 1 through 10
o equals one in the event hours of other demand response programs in which
therEvt; .
the customer is enrolled
MON; a dummy variable for Monday
FRI; a dummy variable for Friday
DTYPE;; a series of dummy variables for each day of the week
MONTH;; a series of dummy variables for each month
Summer, a variabﬁ ind[cat!ng summer mpnths (defined as mid-June thrqugh mid—
August)™, which is interacted with the weather and hourly profile variables
€ the error term.

The “morning load” variable was used in lieu of armiformal autoregressive structure in
order to adjust the model to account for the l@fébad on a particular day. Because of
the autoregressive nature of the morning load bkejano further correction for serial
correlation was performed in these models.

Separate models were estimated for each custornerlo@d impacts were aggregated
across customer accounts as appropriate to atrp@gram-level load impacts, as well
as load impacts by industry group and local capaciga (LCA).

3.2.2 Development of Uncertainty-Adjusted Load Impa  cts

The Load Impact Protocols require the estimationrafertainty-adjusted load impacts.
In the case of ex post load impacts, the param#tatsonstitute the load impact
estimates are not estimated with certainty. We Hase@ncertainty-adjusted load impacts
on the variances associated with the estimatedifopdct coefficients.

Specifically, we added the variances of the eseoh&tad impacts across the customers
who submit a bid for the event in question. Theggregations were performed at either
the program level, by industry group, or by LCA agpropriate. The uncertainty-
adjusted scenarios were then simulated under thargstion that each hour’s load impact
is normally distributed with the mean equal to $hen of the estimated load impacts and
the standard deviation equal to the square rotiteofum of the variances of the errors

13 Cooling degree hours (CDH) was defined as MAX[@mperature — 50], where Temperature is the
hourly temperature in degrees Fahrenheit. Custapecific CDH values are calculated using data from
the most appropriate weather station.

1% This variable was initially designed to reflect ihad changes that occur when schools are out of
session. We have found the variables to a useftibpthe base specification, as they reflect clearig
usage patterns and weather response that differgiiire analysis timeframe for many customers, even
those that are not schools.
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around the estimates of the load impacts. Resuitthé 18, 30", 70", and 98"
percentile scenarios are generated from thesebdistms.

4. Detailed Study Findings

The primary objective of the ex post evaluatiotoigestimate the aggregate and per-
customer DBP event-day load impacts for each wtilit this section we first summarize
the estimated DBP load impacts for both utilitiesing a metric of estimatexverage
hourly load impactdy event and for the average event. We also repertage hourly
load impacts for the average event by industry gelocal capacity area. We then
present tables dfourly load impacts for anverage even(also referred to as a “typical
event day”) in the format required by the Load letpRarotocols adopted by the
California Public Utilities Commission (CPUC) in Bision (D.) 08-04-050 (“the
Protocols”), including risk-adjusted load impactsidferent probability levels, and
figures that illustrate the reference loads, ob=sgteads and estimated load impacts. The
section concludes with an assessment of the ef®di8/T1 and AutoDR.

On a summary level, the average event-hour loacdaper enrolled customer was 55
kW for PG&E's program and 53 kW for SCE's program.

4.1 PG&E Load Impacts

4.1.1 Average Hourly Load Impacts by Industry Group and LCA

Table 4.1 summarizes average hourly reference laad$oad impacts at the program
level for each of PG&E'’s two DBP events. The averhgurly load impact across both
events was 57 MW. The average load impact on teedvent day was 20 MW higher
than the load impact on the second event day. @rage, the load impacts were 7.0
percent of the total reference load.

Table 4.1: 2011 Average Hourly Load Impacts by EveanPG&E

Estimated :
Day of Observed Estimated Load |
Event Date Week Refer((a'\r}l(\:;\a/)Load Load (MW) Impact (MW) % LI
1 9/8/2011 | Thursday 810 742 67 8.3%
2 9/22/2011 | Thursday 825 779 47 5.6%
Average 818 761 57 7.0%
Std. Dev. 11 26 15 1.8%

Table 4.2 compares the bid quantities to the estithi@ad impacts for each event.
Across both events, the bid amount averaged appaigly 57.6 MW, while the
estimated average hourly load impact was 56.9 M. dverage bid realization rate
(estimated load impacts as a percentage of bid atspacross all event hours was 99
percent.
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Table 4.2: 2011 Average Hourly Bid Realization Rateby Event PG&E

Event Date Day of Avergge Bid Estimated Load LI as % of Bid
Week Quantity (MW) Impact (MW) Amount
1 9/8/2011 | Thursday 64.7 67.2 104%
2 9/22/2011 | Thursday 50.5 46.5 92%
Average 57.6 56.9 99%

Table 4.3 summarizes average hourly DBP load inspatcthe program level (i.e.,
including both bidders and non-bidders) and by stidugroup for each of PG&E'’s event
days. Across all event hours, the average houdg Impact was 57 MW, or 7.0 percent
of enrolled load. The Manufacturing industry gragezounted for the largest share of the
load impacts.

Table 4.3: 2011 Average Hourly Load Impacts — PG&EDBP, by Industry Group

. Estimated Estimated
Industry Group # :gcsoimge Reference L% gze{,:ﬁ?l) Load Impact % LI
Load (MW) (MW)
ggé'cu't“re' Mining, 105.5 36.9 35.9 1.0 2.7%
onstruction
Manufacturing 216 326.6 294.8 31.8 9.7%
Wholesale,
Transportation, & 153 73.2 55.2 18.0 24.6%
Other Utilities
Retail Stores 133 22.8 20.9 1.9 8.5%
Offices, Hotels, 270 246.2 245.4 0.8 0.3%
Health, Services
Schools 37 18.8 19.4 -0.5 -2.7%
Entertainment, Other
Services, 122 92.2 88.5 3.7 4.0%
Government
Other or Unknown 2 0.8 0.7 0.1 8.6%
Total 1,039 817.6 760.7 56.9 7.0%

Table 4.4 summarizes load impacts by local capacegg (LCA), showing that the
highest share of the load impacts came from seagceunts not associated with any
LCA.
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Table 4.4: 2011 Average Hourly Load Impacts — PG&EBDBP, by LCA

Cléog?ilt # of Service Estimated Reference Observed Estimated Load % LI
/fr " Y Accounts Load (MW) Load (MW) Impact (MW)
(Af‘reater Bay 483 395.2 390.1 51 1.3%
rea
Greater 55 34.9 325 2.4 6.8%
Fresno
Humboldt 13 2.1 13 0.8 39.3%
Kern 53 226 18.9 38 16.7%
Northern 74 31.2 31.3 0.2 -0.5%
Coast
Sierra 48 12.0 11.4 0.6 4.7%
Stockton 26 4.9 5.1 0.2 -3.6%
'C'COtA'” any 287 314.7 270.1 44.6 14.2%
Total 1,039 817.6 760.7 56.9 7.0%

4.1.2 Hourly Load Impacts

Table 4.5 presents hourly PG&E DBP load impacth@iprogram level in the manner

required by the Protocols. DBP load impacts wetienesed from the individual
customer regressions for customers enrolled airtieeof either event. Hourly load

impacts average 57 MW, which represents approximaté percent of the total DBP

reference load for enrolled customers.

PG&E has two very different types of customers BFDthose who are dually enrolled

in Base Interruptible Program (BIP) and those wigoret. The customers who are
enrolled in both DBP and BIP tend to be larger emath more demand responsive than
the customers who are only enrolled in DBP. Duthmgfirst event, approximately 49.5
of the 67 MW total load impact comes from the DBIPHBverlap customers. During the
second event, approximately 40 of the 47 MW taiablimpact comes from the dually
enrolled customers.
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Table 4.5: DBP Hourly Load Impacts for the AverageEvent Day —PG&E

Observed
Estimated EventDay | Estimated Weighted
Reference Load Load Load Impact Average Uncertainty Adjusted Impact (MWh/ hr)- Percentiles
(MWh/hour) | (MWh/hour) | (MWh/hour) |Temperature (°F) 90th%ile
1 . 1.3 =21 15 5.2
2 659.1 658.9 0.1 65 8.7 -3.5 0.1 3.7 9.0
3 652.0 653.5 -15 63 -10.3 -5.1 -15 2.1 7.3
4 649.6 650.4 0.8 62 97 -4.4 0.8 2.8 8.0
5 658.7 659.6 0.8 61 9.6 -4.4 0.8 2.8 8.0
6 689.7 693.4 3.7 61 -12.5 -7.3 3.7 -0.1 5.1
7 734.1 738.7 4.6 60 -13.4 -8.2 4.6 -1.0 4.2
8 758.0 758.0 0.0 60 8.8 -3.6 0.0 3.6 8.8
9 783.1 786.0 2.9 63 117 -6.5 2.9 0.7 5.9
10 802.1 807.9 5.8 66 -14.6 -9.4 5.8 2.2 3.0
11 818.6 824.8 6.1 70 -14.9 -9.7 6.1 -2.5 2.7
12 829.6 833.7 4.1 74 -12.9 1.7 4.1 -0.5 47
13 832.6 835.5 2.9 77 -11.8 -6.5 2.9 0.7 5.9
14 841.7 8275 142 80 54 10.6 14.2 17.8 23.0
15 840.4 781.4 59.0 82 50.2 55.4 59.0 62.6 67.8
16 825.6 763.4 62.2 84 53.4 58.6 62.2 65.8 71.0
17 817.5 758.4 59.1 84 50.3 55.5 59.1 62.8 68.0
18 786.7 739.6 471 82 38.3 435 471 50.7 55.9
19 762.4 739.2 233 79 14.4 19.6 23.3 26.9 32.1
20 749.5 738.4 11 74 2.3 75 1.1 14.7 19.9
21 739.7 729.7 10.0 71 1.2 6.4 10.0 13.6 18.8
22 7255 718.6 6.9 69 2.0 33 6.9 10.5 15.7
23 704.3 701.2 3.1 68 5.8 -0.6 3.1 6.7 11.9
24 689.7 687.0 2.8 67 6.1 -0.9 28 6.4 11.6

Estimated

Event Day Change in | Cooling Degree

Reference Energy] Energy Use | Energy Use | Hours (Base 75 Uncertainty Adjusted Impact (MWh/hour) - Percentiles
Use (MWh) (MWh) (MWh) oF) 10th 50th 70th
Daily 18018 | 17751 | 267 | 39 | nwa | na | wa | na | na

The top portion of Figure 4.1 illustrates the refeze load and observed load for the DBP
test event. The lower portion of the figure disglélye estimated DBP load impacts
(which are labeled on the right y-axis).

The full set of tables required by the Protocais|uding tables for each local capacity
area, are in the Excel file attached as an Appetadilis report.
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Figure 4.1: 2011 DBP Load Impacts PG&E
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4.2 SCE Load Impacts

4.2.1 Average Hourly Load Impacts by Industry Group and LCA

Table 4.6 summarizes average hourly reference laadsoad impacts at the program
level for each of SCE’s four DBP everitsAcross all events, the average hourly load
impact was approximately 78 MW. The load impactswatd little variation across event
days, with a low of 70 MW, a high of 89.5 MW, andtandard deviation of 8 MW. On
average, the load impacts were 7.6 percent ofotaé ieference load.

Table 4.6: 2011 Average Hourly Load Impacts by EveanSCE

Estimated .

Day of Observed Estimated Load
Event Date Wgek Referc(al\r;lc\:l(\e/)Load Load (MW) Impact (MW) % LI
1 7/5/2011 | Tuesday 939.0 865.0 74.0 7.9%
2 8/26/2011 | Friday 1,036.0 965.7 70.3 6.8%
3 9/7/2011 | Wednesday 1,069.0 992.3 76.8 7.2%
4 9/8/2011 | Thursday 1,051.5 962.0 89.5 8.5%
Average 1,023.9 946.2 77.7 7.6%
Std. Dev. 58.2 55.8 8.3 0.8%

15 A fifth event day was called on October 13, 2Q4uit this date falls outside of our analysis timefea
which ends on September 30, 2011.
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Table 4.7 compares the bid quantities to the estéidhi@ad impacts for each event.
Across all events, the bid amount averaged apprateiy 129.1 MW, while the
estimated average hourly load impact was 77.7 Mké dverage bid realization rate
(estimated load impacts as a percentage of bid arspacross all event hours was 60
percent.

Table 4.7: 2011 Average Hourly Bid Realization Rateby Event SCE

Event Date Day of Avergge Bid Estimated Load LI as % of Bid
Week Quantity (MW) Impact (MW) Amount
1 7/5/2011 | Tuesday 134.2 74.0 55%
2 8/26/2011 | Friday 111.7 70.3 63%
3 9/7/2011 | Wednesday 132.1 76.8 58%
4 9/8/2011 | Thursday 138.5 89.5 65%
Average 129.1 77.7 60%

Tables 4.8 and 4.9 summarize average hourly lopadts for the average event by
industry group and LCA. Manufacturing service aguswaccounted for the largest share
of the load impacts. By region, the highest shatb@average load impact came from
the LA Basin.

Table 4.8: 2011 Average Hourly Load Impacts — SCE BP, by Industry Group

. Estimated Estimated
Industry Group # :gcsoimge Reference L% 2 Ze(rh\;ﬁ/g) Load Impact % LI
Load (MW) (MW)

Agriculture, Mining, 29 27.2 24.4 2.9 10.5%
& Construction
Manufacturing 333 532.9 472.1 60.8 11.4%
Wholesale,
Transportation, & 155 59.5 51.5 8.0 13.5%
Other Utilities
Retail Stores 202 60.1 58.1 2.0 3.4%
Offices, Hotels, 231 145.5 144.4 11 0.7%
Health, Services
Schools 300 39.5 38.1 1.4 3.4%
Entertainment, Other
Services, 104 159.2 157.7 1.5 1.0%
Government
Total 1,354 1,023.9 946.2 77.7 7.6%

Table 4.9: 2011 Average Hourly Load Impacts — SCE BP, by LCA

. # of Estimated Estimated
Loez fr Zgamty Service Reference Load L% 2 Ze(r,\\//ﬁf/) Load Impact % LI
Accounts (MW) (MW)

LA Basin 1,059 673.0 620.5 52.5 7.8%
Outside LA 64 137.3 122.9 14.4 10.5%
Basin

Ventura 230 213.5 202.8 10.7 5.0%
Total 1,354 1,023.9 946.2 77.7 7.6%
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4.2.2 Hourly Load Impacts

Table 4.10 presents hourly load impacts at therpradevel for the average DBP event
in the manner required by the Protocols. Hourlyloapacts for the average event range
from 65 MW to 84 MW. These load impacts represe@tpércent of the total enrolled
DBP reference load.

Table 4.10: 2011 DBP Hourly Load Impacts for the Aerage Event Day SCE

Observed
Estimated EventDay | Estimated Weighted
Reference Load Load Load Impact Average Uncertainty Adjusted Impact (MWh/ hr)- Percentiles
(MWh/hour) | (MWh/hour) | (MWh/hour) | Temperature (°F) 90th%ile

1 . 49 12.7 18.2 23.6

2 800.7 785.1 15.6 75 23 10.2 15.6 211 29.0
3 789.9 776.0 139 74 05 8.4 13.9 19.3 27.2
4 790.5 778.6 119 73 14 6.4 11.9 174 25.3
5 810.0 800.0 10.0 72 -3.3 4.6 10.0 15.5 23.4
6 855.4 846.3 9.1 71 4.3 3.6 91 14.6 22.5
7 905.2 900.1 51 70 -8.2 -0.3 5.1 10.6 18.5
8 951.6 957.0 5.4 70 -18.7 -109 54 0.1 8.0
9 999.9 1,013.9 -14.0 72 27.4 -195 -14.0 -8.6 -0.7
10 1,034.0 1,042.4 -84 76 21.8 -13.9 -84 -3.0 49
11 1,065.6 1,066.1 0.5 80 -13.8 -5.9 05 5.0 12.9
12 1,079.4 1,047.7 316 83 18.3 26.2 31.6 371 45.0
13 1,078.2 1,004.2 74.0 86 60.7 68.6 74.0 79.5 87.3
14 1,083.3 1,006.5 76.8 88 63.5 71.4 76.8 82.3 90.1
15 1,078.0 998.3 79.7 89 66.4 74.3 79.7 85.1 93.0
16 1,052.8 971.8 81.0 90 67.6 75.5 81.0 86.4 94.3
17 1,023.3 941.0 824 89 69.1 77.0 824 87.8 95.7
18 991.1 907.5 836 89 70.3 78.2 83.6 89.0 96.9
19 951.2 872.7 785 88 65.2 73.0 78.5 83.9 91.8
20 933.3 868.0 65.2 85 51.9 59.8 65.2 70.7 78.6
21 918.2 874.9 433 82 30.0 379 433 48.8 56.7
22 891.1 865.1 259 79 12.6 20.5 25.9 31.4 39.2
23 856.4 829.8 26.5 77 13.2 211 26.5 32.0 39.8
24 833.5 813.8 19.7 76 6.3 14.2 19.7 251 33.0

Estimated

Event Day Change in | Cooling Degree

Reference Energy] Energy Use | Energy Use | Hours (Base 75 Uncertainty Adjusted Impact (MWh/hour) - Percentiles
Use (MWh) (MWh) (MWh) oF) 10th 50th 70th
Daily 2255 | 2761 | 84 | 12 | nwa | nma | nwa | wa | na

The top portion of Figure 4.2 illustrates the hgudference load and observed load for
the average DBP event. The bottom portion of Figu2edisplays the estimated hourly
load impacts (scale is presented on the right g)drr the average DBP event. Figure
4.3 shows the variability of estimated load impaaisoss events. The load impacts were
guite consistent across events, particularly whempared to SCE's load impacts from
the previous program year.
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Figure 4.2: 2011 DBP Load Impacts -SCE
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Figure 4.3: 2011 Hourly Load Impacts by Event -SCE DBP
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4.3 Effect of TA/TlI and AutoDR on Load Impacts

This section describes the ex post load impacteaett by DBP customer accounts that
participated in two demand response incentive amogr TA/TI and AutoDR.
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The Technical Assistance and Technology Incen{iVé¢TI) program has two parts:
technical assistance in the form of energy auditd,technology incentives. The
objective of the TA portion of the program is tdsidize customer energy audits that
have the objective of identifying ways in which wrmers can reduce load during
demand response events. The Tl portion of the proghen provides incentive payments
for the installation of equipment or control softegupporting DR.

The Automated Demand Response (AutoDR) progranslelptomers to activate DR
strategies, such as managing lighting or heatiagtilation and air conditioning (HVAC)
systems, whereby electrical usage can be autorthatieduced or eliminated during
times of high electricity prices or electricity sy emergencies.

Our goal was to estimate bdtital andincrementaload impacts for TA/TI and AutoDR.
Total load impacts are simply the sum of the edihdoad impacts for the TA/TI and
AutoDR customers, as estimated using the methaosigied in Section 3.2.1.
Incrementalload impacts are the load impacts achieved byethastomers less the
amount of the load impact one would expect in thgeace of TA/TI or AutoDR.

Given data limitations, we were unable to estimmabiable incremental load impacts.
Specifically, we developed comparison groups adngrtb industry classifications (SIC
codes for SCE and NAICS codes for PG&E). Where iptessve compared customers
within a 6-digit NAICS code or 4-digit SIC code. \&fe a comparison at this level of
disaggregation was not possible, we compared afheehlevel of industry aggregation,
such as using one of the eight industry groupsriestin Section 2.2.1. Our findings
revealed that the industry-level comparisons aset@&n too few customers to produce
reliable results. We considered aggregating Aut@Dg TA/TI customers into larger
industry groups as a solution to the sample-seageisbut this solution raises serious
guestions about the comparability of the resulte/ben the two groups. We have found
that percentage load impacts can vary substantiahigss industry sub-groups, which
calls into question the reasonableness of compatstpmers within a higher-level
industry group (e.g., all manufacturing customers).

In addition, we lack sufficient information on tbemparison and "treatment” (AutoDR
or TA/TI) customers to ensure that the comparisoralid. Specifically, we do not know
relevant information about the comparison grougarsrs, such as details regarding
their technological processes (and hence theiityatol reduce load during event hours)
or whether they possess enabling technology.

For each utility and incentive program, we presenmt tables. The first table (e.g., Table
4.11) contains the overall average hourly load ictarovided by the service accounts
that participated in TA/TI or AutoDR. The secondl&a(e.g., Table 4.12) displays the
number of service accounts by industry group ferabmparison group customers and
the AutoDR or TA/TI customers. This table formduskrates the small sample size issue
described above.
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The sub-sections below present the results for efttte utilities.

PG&E

TA/TI

According to data provided by PG&E, one DBP senrdceount participating in the
TA/TI program submitted a bid for the Septembe2@l1 event. No such service
accounts submitted a bid for the September 22, 20&ft.

Table 4.11 shows the event-specific load impactHerTA/TI participant. The TA/TI
customer provided an average hourly load reduafd®2 kW, or 3.1 percent of their
reference load.

Table 4.11: Average Hourly Load Impacts by EventPG&E TA/TI

Event Number of Estimated Reference Observed Estimated Load % Load
Date SAIDs Load (kW) Load (kW) Impact (kW) Impact
9/8/2011 1 4,062 3,940 122 3.1%

As shown in Table 4.12, only one service accouptesent in the comparison and
treatment groups, raising questions about the neddeness of a comparison of the
responsiveness between them.

Table 4.12: Number of Service Accounts by GroupRG&E TA/TI

Number of SAIDs

NAICS Code |NAICS Description |[Basis of Comparison | No TA/TI | TA/TI

541380 |[Testing Laboratories|6-digit NAICS 1 1

AutoDR

According to data provided by PG&E, an averagesoD8P service accounts
participating in the AutoDR program submitted a fudthe 2011 test events. Table 4.13
shows the average hourly load impact for the AutgiaRicipants, which was 16,835
kW, or 30 percent of their reference load. Notd tha total and percentage load impacts
are strongly influenced by one SAID that reducedatad by 100 percent, or 13.8 MW.

Table 4.13: Average Hourly Load Impacts by EventPG&E AutoDR

Event Number of Estimated Reference Observed Estimated Load % Load
Date SAIDs Load (kW) Load (kW) Impact (kW) Impact
9/8/11 67 50,772 35,720 15,052 29.6%
9/22/11 62 61,341 42,722 18,618 30.4%
Average 65 56,057 39,221 16,835 30.0%

AutoDR participants were spread across 25 6-digitQ\& industry codes. In nine of
these industry groups, non-AutoDR bidders are pitetseserve as a comparison group.
For the remaining 16 industry groups with Auto-Digtomers, comparisons are made at
a more aggregated level. The “Basis of Comparisoftimn identifies the industry level
used for the comparison group. Table 4.14 shoesdimple size by industry group.
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Twenty-two of the twenty-five industry groups canta comparison in which at least
one of the groups has only one service account.

Table 4.14: Number of Service Accounts by GroufRG&E AutoDR

Number of SAIDs

NAICS Basis of No
Code NAICS Description Comparison AutoDR |AutoDR
115114 |Postharvest Crop Activities (except Cotton Ginning) 6-Digit 1 3
221112 [Fossil Fuel Electric Power Generation Utilities, 17 1
Wholesale
325120 [Industrial Gas Manufacturing Manufacturing 14 1
334112 [Computer Storage Device Manufacturing 6-Digit 1 6
. Utilities,
423930 |Recyclable Material Merchant Wholesalers 17 1
Wholesale
. Utilities,
424410 |General Line Grocery Merchant Wholesalers 17 1
Wholesale
452111 |Department Stores (except Discount Department Stores) 6-Digit 1 23
518210 [Data Processing, Hosting, and Related Services 6-Digit 2 2
53112 Lgsrsors of Nonresidential Buildings (except 5-Digit 5 1
Miniwarehouses)
54171 Resea}rch qnd Development in the Physical, Engineering, 5-Digit 1 >
and Life Sciences
551114 [Corporate, Subsidiary, and Regional Managing Offices 6-Digit 1 2
6214 Outpatient Care Centers Information 12 1
621491 [HMO Medical Centers Information 12 1
62211 General Medical and Surgical Hospitals Information 12 1
624 Social Assistance Information 12 1
624190 [Other Individual and Family Services Information 12 1
624310 [Vocational Rehabilitation Services Information 12 1
713940 [Fitness and Recreational Sports Centers 6-Digit 10 4
. . Arts,
812910 [Pet Care (except Veterinary) Services Entertainment 18 1
921190 [Other General Government Support 6-Digit 2 7
922120 [Police Protection 2-Digit 6 1
922130 [Legal Counsel and Prosecution 2-Digit 6 1
922140 [Correctional Institutions 6-Digit 1 3
922160 |Fire Protection 2-Digit 6 1
Administration of Human Resource Programs (except Nin
923130 Education, Public Health, and Veterans' Affairs Programs) 6-Digit L L
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SCE

TA/TI

Table 4.15 shows the DBP load impacts provided®'S TA/TI service accounts for
each event. An average of 51 of SCE’s DBP serwiceunts participated in TA/TI. The
load impacts are much higher for the first eveantthe subsequent events. This is due to
one service account that provided essentially ad Impact for three events, but

provided approximately 19 MW of load response har first event. The load impacts in
the absence of this customer average 1.7 MW, ope&&nt of the remaining reference
load.

Table 4.15: Average Hourly TA/TI Load Impacts by Event, SCE TA/TI

Event Number Estimated Reference Observed Estimated Load % Load

Date of SAIDs Load (kW) Load (kW) Impact (kW) Impact
7/5/11 51 52,222 31,032 21,190 40.6%
8/26/11 51 55,108 53,248 1,859 3.4%
9/7/11 51 54,457 53,136 1,322 2.4%
9/8/11 51 54,328 53,253 1,074 2.0%
Average 51 54,029 47,667 6,361 11.8%

Table 4.16 shows the number of service accountsdustry group. Eight of the fourteen
industry groups contain a comparison in which aste@ne of the groups has only one
service account.
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Table 4.16: Number of Service Accounts by GrougsCE TA/TI

Number of SAIDs
SIC Basis of
Code SIC Description Comparison No TA/TI TA/TI
2026 Fluid Milk 2 Dig. SIC 2 1
2041 Flour and Other Grain Mill 4 Dig. SIC 5 1
Products
2813 Industrial Gases 4 Dig. SIC 4 2
2834 Pharmaceutical 4 Dig. SIC 2 1
Preparations
Aircraft Parts and .
3728 Equipment, NEC 4 Dig. SIC 2 1
5072 Hardware 1 Dig. SIC 11 2
5318 Shopping Centers-Retail 4 Dig. SIC 1 1
Sales
5411 Grocery Stores 4 Dig. SIC 8 13
5651 Family Clothing Stores 4 Dig. SIC 1 2
Drug Stores and .
5912 Proprietary Stores 1 Dig. SIC 11 1
6512 (N)onre3|dent|al Building 4 Dig. SIC 18 21
perators
6514 Dwelling Operators, Exc. 4 Dig. SIC 6 4
Apartments
7011 Hotels and Motels 4 Dig. SIC 21 1
Offices & Clinics of .
8011 Medical Doctors 4 Dig. SIC 6 1

AutoDR

Table 4.17 shows the total DBP load impacts for S@&itoDR participants. The
percentage load impacts are uniformly high acressts, averaging 32 percent, or a 13.2
MW load impact. This result is driven by the pagation of one SAID from the

Industrial Gases SIC (2813), which consistentlyuced load by approximately 11 MW.

Table 4.17: Average Hourly AutoDR Load Impacts by izent, SCE AutoDR

Event Number Estimated Reference Observed Estimated Load % Load
Date of SAIDs Load (kW) Load (kW) Impact (kW) Impact
7/5/11 82 29,493 16,461 13,031 44.2%
8/26/11 90 49,182 36,088 13,095 26.6%
9/7/11 94 48,646 34,625 14,021 28.8%
9/8/11 77 38,416 25,950 12,467 32.5%
Average 86 41,434 28,281 13,154 31.7%
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Table 4.18 shows the number of service accounisdustry group. Nine of the eleven
industry groups contain a comparison in which ast@ne of the groups has two or fewer
service accounts.

Table 4.18: Number of Service Accounts by Groug5CE AutoDR

Number of SAIDs
SIC Basis of No
Code SIC Description Comparison AutoDR AutoDR

2026 Fluid Milk 4 Dig. SIC 2 2
2653 C.orrugated And Solid 4 Dig. SIC 1 1

Fiber Boxes
2656 Sanitary Food Containers 4 Dig. SIC 2 2
2813 Industrial Gases 4 Dig. SIC 4 1
3089 Plastics Products, NEC 4 Dig. SIC 20 2
3691 Storage Batteries 2 Dig. SIC 68 1
5311 Department Stores 4 Dig. SIC 2 45
5712 Furniture Stores 4 Dig. SIC 1 2
5731 Radio, TV, & Electronic 4 Dig. SIC 1 9

Stores

Sporting Goods and .
5941 Bicycle Shops 2 Dig. SIC 33 21
6531 I\R/Ieal Estate Agents And 1 Dig. SIC 30 >

anagers

5. Baseline Analysis

5.1 Objectives

Decision 12-04-045 (pages 63-4) issued by the @alé Public Utilities Commission
(CPUC) on April 19, 2012 requires a baseline anslfgs DBP. Baselines are the basis
for DBP payments to customers, as they represéimass of the hourly energy that the
customer would have used in the absence of a DBRteSpecifically, DBP uses a 10-
in-10 baseline method, including an optional dagdjistment based on the ratio of the
current day's pre-event usage level to the usage ilethe same period for the 10-in-10
baseline'® The tariff language currently limits this adjustmeo +/- 20 percent. The
utilities proposed an aggregated 10-in-10 baselitte the optional day-of adjustment
limited to +/- 40%. The Decision raises the cag@®6 for the individual 10-in-10
baseline, but requires further study of the isstrech this section represents.

The alternative baseline methodologies that we @xaainclude 10-in-10 unadjusted
baselines, and day-of adjusted baselines with eageptages of 20, 30, 40, and 50
percent, as well as an uncapped adjustment. Far[2BP event day from July through

'8 The 10-in-10 baseline is calculated as the avezagegy usage for each hour across the ten masitrec
non-event weekdays. The day-of adjustment is Gatledi using average hourly consumption in the first
three hours of the four hours prior to the evemigoe
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September 2011, we compared each of the basetiriks estimated baseline load
implied by the customer-specific regression modelgloped in the course of the DBP
load impact evaluation. The baseline implied byrggression model for a particular
customer was derived by adding the estimated hdoaky impact coefficients from the
regression equation to that customeserved loadiuring the event hourSor

example, if a customer’s observed load during anewas 800 kW in each hour, and the
estimated load impact coefficients were 200 kWaahehour of the event, then the
implied reference, or baseline, load would be tira sf the two values, or 1,000 kW per
hour. That reference load then becomes the “traséline load to which the alternative
program baseline loads are compared.

To examine potential differences in baseline penorce by customer type, customers
were classified into one of three categoridsdustrial-typecustomers (which included
industry groups 1, 2, and 3), who are assumed twbparticularly weather sensitive;
Commercial-typeustomers (industry groups 4, 5, and 7), who egsymed to be
weather sensitive; and Schools (industry groupvBpse load patterns often vary during
summer months due to vacation schedules for whiidhmation is often not availabfé.

5.2 Measures of baseline performance

Performance of the alternative baseline methodsmessured primarily by two statistics
that have been used in previous baseline studresp@&rformance measures are
calculated using the average across the event bbeexch event day for each customer
service account. That is, the observations usedmstructing the performance statistics
represent outcomes on a customer's event day.tatigtiss combine information across
customers of various types, and events.

Baselineaccuracy (relative to the regression-based baseline) wasuared using the
relative root mean square erratatistic (RRMSE, sometimes referred to as thel The
statistic). This statistic measures the degreeffd@rdnce, or erroregardless of sign
between two data series, which in this case araltBmative baselines and the
regression-based baseline. This statistic is ndiyihaunded by 0 and 1, with values
closer to O indicating greater accuracy. Sincertloé-mean squareetrors are

normalized by the root-mean squaledd levelsthe resulting statistic is a normalized, or
percentage measure of accuracy relative to thebmseline. For example, a value of 0.05
indicates an average 5 percent error in the bas@indifference between an alternative
program baseline and the regression-based basediaéye to its mean value.

The formula for this statistic is the following:

U-statistic= [(1/n) Y (e Y2/ [(1/n) T (LA M2,
where in this case

€ = (LA — L),
L is the regression-based average baseline loaugdhe event hours on

" PG&E has only four customers in the "Schools" Btdugroup. Because of this small sample size, we
do not report PG&E's results for this industry grou
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on event day,

LPy s one of the alternatieredicted(program) average baseline load
during the event hours on event dhy

n is the total number of customer event days annlsh@nd the sum is
across event days and hours, for each sub-groapstdmersd.g, by
industry type).

Bias was measured using theedian percent errgror difference, where the percent error
is defined as thdifferencebetween the “true” baseline load (in this caserdgeession-
based baseline) and an alternative estimate dfakeline load, divided by thevel of

the true baseline. Using this convention, posiéiuers indicatelownward biadi.e., the
true baseline exceeds the estimated baselinehegative errors indicatgpward bias

(i.e. the estimated baseline exceeds the true baseline)

The median percent error statistic is the medidmevaf all of the percent errors
calculated across customers and event days. ®iistst indicates the extent to which a
given baseline method tendsaweer-stateor under-statehe true baseline. While the
median statistic provides a useful indicator oftifpcal bias tendency, examining the
distribution of percent errors provides greater insight in®ftill range of differences in
the alternative baselines. For that reason, wesdlswvdecilesof the distribution of
percent errors (where the value that determines@Agercentile is the median value of
the distribution).

5.3 Data

We examined only customers who submitted a bigfdeast one event day from July
through September 2011. For each of PG&E’s two BBéht days, the baseline
differences were calculated for the four event BgHiE 15 — 18), resulting in a database
of 390 customer event days. For SCE, the differemare calculated for each of the
eight hours (HE 13 — 20) of each event day. Thsslte in a database of 2,497 customer
event days.

5.4 Results

5.4.1 PG&E DBP

Table 5.1 summarizes tlaecuracyresults for the alternative baselines compardbeo
regression-based baseline, with results reportedrding to whether the customer
selected the optional day-of adjustment and bystrgiigroup. Figure 5.1 presents the
results aggregated across industry types in grapfoom.

The results indicate that the RRMSE of the unadpistaseline across all customer types
is 16 percent, ranging from 3.5 percent for comiaépustomers who selected the
adjustment option to 22.9 percent for industriatomers who selected the option. Day-
of adjustments improve the accuracy of the bassfioeindustrial customers who
selected the baseline adjustment, but not theibasadf the commercial customers who
selected the option, whose baseline accuracy wgistbibegin with. Among those
customers who didot select the option, the day-of adjustment doesmptove the
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baseline accuracy very much for industrial cust@nleut does do so for commercial
customers, whose baseline accuracy was alreadyAgim previous baseline studies,
the industrial customers experience the largestawgment in baseline accuracy from

the day-of adjustment. For the customers selethiaglay-of adjustment, the baseline is

most accurate using a 30 percent adjustment cap.

(Relative Root Mean Square Error)

Table 5.1: Accuracy of Alternative Baselines — PGE DBP

Customer Group

Baseline Adjustment Examined

Industry Selected # Ef Al . 0 o 0 o No
Group Adjustment? vents Unad,. 20% 30% 40% 50% Cap
All All 390 16.0% | 12.4% | 11.7% | 12.0% | 12.6% | 13.4%
All Yes 267 18.6% | 12.1% | 11.2% | 12.1% | 13.6% | 15.1%
All No 123 12.7% | 12.6% | 12.2% | 11.8% | 11.5% | 11.3%
Industrial Yes 77 22.9% | 14.9% | 13.7% | 14.8% | 16.6% | 18.6%
Commercial Yes 188 3.5% 3.3% 3.4% 3.5% 3.5% 3.5%
Industrial No 63 17.7% | 17.9% | 17.3% | 16.8% | 16.4% | 16.1%
Commercial No 58 3.8% 2.2% 2.2% 2.2% 2.2% 2.2%

Figure 5.1: Accuracy of Alternative Baselines — P&E DBP (All Industry Types)
(Relative Root Mean Square Errdr
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Table 5.2 presents results for the typigials of the alternative baselines relative to the
regression-based baseline. The overall median pieecer of the unadjusted baseline
(top line) is 2.1 percent, indicating a relativelmalldownwardbias. Results by industry
type and selection of the adjustment are similanagnitude, except for industrial
customers who did not select the adjustment, wineréias is1egative2.4 percent,
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indicating a smalupwardbias. The day-of adjustment actuatigreaseghe bias
somewhat for the baselines for both industrial emimercial customers who selected
the day-of adjustment, amdducest for customers who did not. Recall that a pwesiti

bias value means that the baseline in questionrastimates the "true" baseline (i.e.,
customers are underpaid by the program baseligaastion). The results therefore
indicate that the day-of adjustment may have cobuated to a small overall underpayment
to customers for their load response, and therbgdts do not differ substantially as the
level of the adjustment cap is changed. Note tiedd results are different from the
findings for SCE's DBP program reported below, Whsaggests that the effect of day-of
adjustment on baseline bias is not the same raabs.

Table 5.2: Bias of Alternative Baselines — PG&E DB
(Median Percent Differenck

Customer Group Baseline Adjustment Examined
Industry Selected # Ef Cutst.- . 0 0 0 0 No
Group Adjustment? vents Unad;. 20% 30% 40% 50% Cap
All All 390 2.1% 2.3% 2.3% 2.3% 2.3% 2.3%
All Yes 267 2.0% 2.8% 2.7% 2.8% 2.7% 2.7%
All No 123 22% | 0.3% | 0.3% | 0.2% | 0.3% | 0.3%
Industrial Yes 77 1.5% 25% | 25% | 25% | 25% | 2.4%
Commercial Yes 188 2.4% 3.1% 3.1% 3.1% 3.1% 3.1%
Industrial No 63 24% | -1.0% | -1.2% | -1.6% | -1.2% | -1.2%
Commercial No 58 3.3% 0.7% 0.7% 0.7% 0.7% 0.7%

Figure 5.2: Bias of Alternative Baselines — PG&E BP (All Industry Types)
(Median Percent Differenck
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Table 5.3 indicates that median values of percasélne errors provide incomplete
information on the range of biases across custartiezspands on the single median
value of the percent differences between the atem baselines and the regression-
based values by providing values that deterrde@lesof the percent differences. That
is, ten percent of the percent error values aaossmers and event hours fall within
each decile. Nine values are provided for eachlin@s@ach representing boundary
values between deciles of values. Th& pércentile values represent the median values

of the distributions.

Thus, for example, the median percent differenceéhfe unadjusted baseline for all
bidding customers is 2.1 percent, as reported ghogieating a modest “typical” under-
statement relative to the regression-based basélmeever, the 70 percentile value
indicates that 30 percent of the under-statemestsesl 6.6 percent, while the"30
percentile value indicates that another 30 peroktite values refleatver-statements
that exceed 1.6 percent. The distributions tertsetmore spread out for the cases using
the day-of adjustment, with the spread tendingntogase as the cap is less restrictive.
The distributions are also more spread out forausts who didhot select the day-of
adjustment than it is for those who did.

Table 5.3: Percentiles of Relative Errors of Alteriative Baselines PG&E DBP

C‘gfgﬂ:)” Count | Decile | Unadi. 20% 30% 40% 50% | No Cap
All 390 10 -11.1% | -13.9% | -14.4% | -13.7% | -13.7% | -14.4%

20 -5.1% -3.1% -3.2% -3.2% -3.2% -3.2%

30 -1.6% -0.5% -0.7% -0.7% -0.6% -0.7%

40 0.5% 0.9% 0.7% 0.7% 0.8% 0.7%

Median 2.1% 2.3% 2.3% 2.3% 2.3% 2.3%

60 4.1% 3.9% 3.9% 3.9% 3.9% 3.9%

70 6.6% 6.7% 6.9% 6.9% 7.0% 6.8%

80 10.8% | 11.3% | 115% | 11.3% | 11.0% | 10.9%

90 21.1% | 23.9% | 28.2% | 29.7% | 31.4% | 31.2%

Selected 267 10 -8.9% | -10.6% | -10.6% | -9.8% -9.8% | -10.0%
Adj. 20 -3.9% -2.2% -2.6% -2.5% -2.5% -2.6%

30 -0.6% 0.4% 0.4% 0.4% 0.4% 0.4%

40 1.0% 1.9% 1.9% 1.9% 1.9% 1.9%

Median 2.0% 2.8% 2.7% 2.8% 2.7% 2.7%

60 4.1% 4.7% 4.7% 4.7% 4.7% 4.7%

70 6.7% 7.4% 7.7% 7.6% 7.6% 7.4%

80 105% | 115% | 125% | 125% | 12.3% | 12.3%

90 19.9% | 22.4% | 24.8% | 28.2% | 31.0% | 31.0%

Did Not 123 10 -20.0% | -24.7% | -24.7% | -23.9% | -24.7% | -24.7%
Select 20 -8.1% -5.8% -7.1% -7.1% -5.9% -5.9%
Ad;. 30 -4.1% -2.7% -2.9% -2.9% -2.9% -2.9%

40 -1.1% -0.7% -0.7% -1.0% -0.7% -0.7%

Median 2.2% 0.3% 0.3% 0.2% 0.3% 0.3%

60 3.6% 2.2% 2.2% 2.0% 2.2% 2.2%

70 6.3% 4.5% 4.7% 4.5% 4.7% 4.5%

80 10.9% 9.7% 9.7% 9.7% 9.7% 8.2%

90 34.7% | 30.4% | 31.4% | 31.4% | 38.6% | 31.4%

36 CA Energy Consulting



Figure 5.3 illustrates the decile values graphyctt all of PG&E's bidders. The figure
reflects the fact that the use of a day-of baseldjastment tends to increase the range of
outcomes across the deciles, and that the distibof outcomes is biased toward
understated baselines, which leads to the underatyof customers for their demand
response.

Figure 5.3: Percentiles of Relative Errors of Altenative Baselines -PG&E DBP
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5.4.2 SCE DBP

Table 5.4 summarizes tlaecuracyresults for the alternative baselines compardbeo
regression-based baseline for SCE’s DBP biddetk, nesults reported according to
whether the customer selected the optional dagjolsément and by industry group.
Figure 5.4 presents the top three lines of theetabgraphical form.

The overall RRMSE of thenadjustedaseline is 20.3 percent, ranging from 11.3 pércen
for those choosing the adjustment to 20.9 peraarthbse that did not. Further
distinguishing by industry type, for the custome&t® did not select the adjustment,
overall accuracy was substantially greater for cemumal customers (RRMSE of 5.8
percent) than for industrials and schools (26.t@arand 28.8 percent respectively).

In the case of SCE, day-of adjustments improvelimesaccuracy both for customers
who did and did not select it. This contrasts tfith results for PG&E. The adjustment
cap that minimizes the baseline error varies bygrolip. For customers who selected
the day-of adjustment, a 20 percent cap minimizselne error, with accuracy generally
falling as the cap is raised. For those that didsetect the adjustment, the greatest
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accuracy for industrials and schools appears tarogith a 50 percent cap, while for
commercial customers, whose unadjusted baselinarhagor of only 5.8 percent,
accuracy is improved by about a percentage porradpstments with any of the caps.

Notice that elimination of the cap can produce sosry high errors, with a 162 percent
RRMSE across all customers who selected the optiayaof adjustment. This result is
primarily driven by one industrial customer thatlheery high (500 percent) uncapped
day-of adjustments, which appear to be due to léage atypical) shifts of load into the
pre-event hours.

Table 5.4: Accuracy of Alternative Baselines — SCEBP

(Relative Root Mean Square Errdr

Customer Group # of Cust - Baseline Adjustment Examined
"gr‘(‘f;;y A d?fs'te;t:r?t? Events | Unadj. | 20% | 30% | 40% | 50% Cli\lz:p
All All 2,497 20.3% | 15.2% | 14.1% | 13.7% | 13.8% | 49.2%
All Yes 429 11.3% | 6.7% | 9.0% | 12.5% | 16.5% | 162.0%
All No 2,068 20.9% | 15.7% | 14.5% | 13.8% | 13.5% | 14.9%
Industrial Yes 41 11.3% 6.7% 9.0% | 12.6% | 16.7% | 163.7%
Commercial Yes 388 11.2% | 6.4% 6.8% 7.3% 7.9% 21.1%
Schools Yes 0 n/a n/a n/a n/a n/a n/a
Industrial No 859 26.1% | 19.6% | 18.0% | 17.1% | 16.7% | 18.5%
Commercial No 698 5.8% 4.8% 4.8% 4.8% 4.9% 5.1%
Schools No 511 28.8% | 18.7% | 16.0% | 14.4% | 14.0% | 28.0%

Figure 5.4: Accuracy of Alternative Baselines — SE DBP (All Industry Types)
(Relative Root Mean Square Errdr
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Table 5.5 presents results for the typluals of the alternative baselines relative to the
regression-based baseline. For all customer grangsub-groups, the unadjusted
baseline produces positive median percent erroaboiit 8 percent (with the exception

of schools, where the median bias is nearly 27qmjycimplyingdownwardbiases, or
understated baselines. In all cases, the use ay-@fdadjustment of any capped amount
results in a substantial reduction in the medias belative to an unadjusted baseline. For
customers who selected the day-of adjustment,itigi® closest to zero using a 20
percent cap. Higher caps lead to gradually higipgrardmedian biases. For customers
who did not select the adjustment, the bias iseslo® zero using a 40 percent cap.

Table 5.5: Bias of Alternative Baselines — SCE DBP
(Median Percent Differenck

Customer Group # of Cust.- Baseline Adjustment Examined

"(‘;’rﬁ;y A d?:;f;t::t? Events | Unadj. | 20% | 30% | 40% | 50% | No Cap
All All 2,497 8.1% 0.7% -0.2% | -0.7% | -1.0% -2.4%
All Yes 429 8.6% -1.5% | -2.7% | -3.2% | -3.6% -3.9%
All No 2,068 7.9% 1.3% | 0.4% | -0.2% | -0.5% | -2.0%
Industrial Yes 41 74% | -0.3% | -1.8% | -1.8% | -1.8% | -1.8%
Commercial Yes 388 8.7% -1.7% | -2.9% | -3.4% | -3.9% -4.2%

Schools Yes 0 n/a n/a n/a n/a n/a n/a
Industrial No 859 2.1% -0.9% | -0.8% | -0.7% | -0.8% -0.7%
Commercial No 698 7.6% | -0.3% | -0.7% | -1.1% | -1.3% | -1.6%
Schools No 511 26.7% | 15.3% | 10.2% | 6.5% | 2.8% | -11.0%
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Figure 5.5: Bias of Alternative Baselines — SCE DB(AIl Industry Types)
(Median Percent Differenck
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Table 5.6 expands on the single median value gbéneent differences between the
alternative baselines and the regression-baseévalyproviding values that determine
decilesof the percent differences. Nine values are pedibr each baseline, each
representing boundary values that separate 10mestéhe customer-hour values
ordered by size. The 50 percentile values reprdebennedian values of the distributions
of differences. Thus, for example, the median pdrddference for the unadjusted
baseline is 8.1 percent, indicating a “typical” endtatement relative to the regression-
based baseline. The'8ercentile value indicates that 20 percent oflieer-statements
exceed 25.5 percent, while thé™@ercentile value indicates that another 20 perant
the values refleabver-statementthat exceed 2.1 percent.

The distributions tend to be more spread out @dayger difference between theé"dnd
90" percentile values) as the cap is less restricizeoss all customers (in the top panel
of Table 5.6), the day-of adjustment reduces theagh except in the uncapped case. For
customers who selected the adjustment, the adjastiereds to shift the entire

distribution of errors down by 10 or more percestpgints. That is, the overalpreadof

the distribution is not substantially differentugithe adjustment (except in the uncapped
case), but thocation of the distribution is quite different (i.e., muoiore negative,
indicating over-statements of the "true" baseline).
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Table 5.6: Percentiles of Percent Errors of Alterntive Baselines- SCE DBP

C“GS:&’I;)” Count | Decile | Unadj. | 20% 30% 40% 50% | No Cap
Al 2,497 10 -16.9% | -15.7% | -17.1% | -19.4% | -22.0% | -38.8%
20 -2.1% -8.0% 9.3% | -10.4% | -11.3% | -17.2%
30 2.0% -4.1% -5.2% -5.9% -6.7% -9.6%
40 5.1% -1.7% -2.5% -2.9% -3.3% -5.3%
Median 8.1% 0.7% -0.2% -0.7% -1.0% -2.4%
60 11.5% 3.4% 2.2% 1.7% 1.2% -0.2%
70 16.8% 7.6% 6.0% 4.9% 4.1% 2.5%
80 255% | 15.6% | 13.1% | 11.2% | 10.3% 7.1%
90 40.2% | 31.7% | 28.9% | 28.3% | 27.1% | 24.9%
Selected 429 10 0.4% | -10.6% | -13.3% | -16.9% | -20.4% | -43.1%
Adj. 20 2.8% 72% | -10.1% | -11.7% | -12.6% | -15.6%
30 5.0% -4.8% 7.1% -8.7% 9.1% | -10.1%
40 6.7% -3.0% -4.5% -5.6% -6.2% -6.8%
Median 8.6% -1.5% -2.7% -3.2% -3.6% -3.9%
60 10.7% 0.6% -0.5% -1.4% -1.7% -1.9%
70 14.3% 2.7% 1.7% 0.9% 0.7% 0.3%
80 17.1% 6.0% 4.4% 3.6% 3.4% 2.9%
90 25.1% | 14.7% | 10.9% 9.6% 8.1% 7.6%
Did Not | 2,068 10 -26.0% | -19.7% | -20.1% | -21.3% | -22.2% | -37.9%
Select 20 -3.9% -8.0% -8.9% -9.8% | -10.8% | -18.1%
Adj. 30 0.9% -3.8% -4.6% -5.3% -6.0% -9.4%
40 4.3% -1.3% -1.9% -2.3% 2.7% -4.9%
Median 7.9% 1.3% 0.4% -0.2% -0.5% -2.0%
60 11.9% 4.5% 3.1% 2.4% 1.9% 0.3%
70 18.0% 9.6% 7.3% 6.4% 5.5% 3.1%
80 27.8% | 18.0% | 155% | 13.5% | 12.2% 8.8%
90 43.1% | 34.8% | 325% | 31.7% | 31.7% | 29.9%

Figure 5.6 illustrates the decile values graphyctt all of SCE's bidders. The figure
shows that the median outcome is quite close t @edicating no bias) once the day-of
adjustment is applied, but the spread varies soraewith the level of the cap. The10
percentile outcome changes substantially oncedjustmnent cap is removed.
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Figure 5.6: Percentiles of Percent Errors of Alterative Baselines- SCE DBP
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5.5 Summary of Results

The baseline analysis provides strong evidencedidnadf adjustments to the 10-in-10
baseline improve accuracy. For PG&E, a 30 percdinisément cap produces the most
accurate baselines. In this case, the error daegng substantially with changes in the
cap percentage. It is interesting to note thattheof adjustment does not improve
baseline accuracy for the industrial customers hdnge selected it.

The story is somewhat different for SCE, and depandre strongly upon whether one
examines all bidding customers or only bidding oostrs who have selected the day-of
adjustment. Across all bidding customers, a 40gydradjustment cap produces the most
accurate baselines, though the error rate doeganpimuch with the cap level. However,
removing the cap entirely produces a large redndtidaseline accuracy (this result is
largely driven by the results for one large indasttustomer). For customers who have
selected the day-of adjustment, the variation cueacy across alternative cap levels is
larger, with a 20 percent cap level producing tlestaccurate baselines.

Regarding bias (as measured by the median pereeeteny), the story differs across
utilities. At PG&E, bias is slightly exacerbated tne day-of adjustment for customers
who have selected it, and the bias displays Maleation across the alternative cap levels.
However, the results show that the day-of adjustrerany cap level) would nearly
eliminate bias for the median customer among thdsehave not yet selected it.
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At SCE, the results indicate that bias is substiptieduced by the day-of adjustment.
This is true regardless of whether the customeshbiscted the day-of adjustment. For
customers who have selected the optional adjustrbes is minimized with a 20 percent
adjustment cap. For customers who have not yetteelehe optional adjustment, bias is
minimized with a 40 percent cap.

6. Ex Ante Load Impact Forecast

6.1 Ex Ante Load Impact Requirements
The DR Load Impact Evaluation Protocols require boaurly load impact forecasts for

event-based DR resources must be reported at dlgegon level and by LCA for the
following scenarios:

* For atypical event day in each year; and
* For the monthly system peak load day in each mfamttvhich the resource is
available;

under both:

* 1-in-2 weather-year conditions, and
* 1-in-10 weather-year conditions.

at both:

» the program leveli., in which only the program in question is calleah)d
» the portfolio level i.e., in which all demand response programs are called)

6.2 Description of Methods
This section describes the methods used to devietopelevant groups of customers, to

develop reference loads for the relevant custogperstand event day-types, and to
develop percentage load impacts for a typical edat

6.2.1 Development of Customer Groups
For PG&E's program, customer accounts were assigmede of three size groups and
the relevant LCA. The three size groups were tHeviing:

* Small — maximum demand less than 20 kW,

e Medium — maximum demand between 20 and 200 kW;

» Large — maximum demand greater than 200 kW.

The specific definition of “maximum demand” was &d®n the tariff on which the
customer is served. For example, a tariff may megihiat a customer’s monthly peak
demand exceeds 20kW during any one of the prevwelye months. The total number
of customer “cells” developed is therefore equeé?4q= 3 size groups x 8 LCAS).

For SCE, the analysis is complicated by two upcgnaimanges to the program. In 2013,
the program will begin enrolling customers with derds under 200 kW. In addition, at
the end of 2013, SCE will remove "non-performingstmomers from DBP. Customers
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will be identified as "non-performing" if they d@treceive a credit during the program
year.

6.2.2 Development of Reference Loads and Load Impac ts

Reference loads and load impacts for all of thevalfactors were developed in the
following series of steps:

Define data sources;

Estimate ex ante regressions and simulate refefeads by cell and scenario;
Calculate percentage load impacts by cell;

Apply percentage load impacts to the referencedpand

Scale the reference loads using enroliment forecast

arwnE

Each of these steps is described below.

Define data sources

For both PG&E and SCE, the reference loads andptage load impacts are developed
using data for customers enrolled in DBP duringa@&l1 program year, using data from
the 2009 through 2011 program years.

We divided the DBP customers into two groups adogrtb whether they are dually
enrolled in the Base Interruptible Program (BIPIP Bustomers tend to be larger and
more demand responsive (even during DBP events)dtier DBP customers. For
PG&E, separating the dually enrolled customersdwhnsure that The Brattle Group
was able to properly match enroliments to load ictgpaFor both PG&E and SCE,
separating dually enrolled customers allowed ysrdoluceportfolio load impacts, which
are the load impacts that occur when all DR program simultaneously called.
Specifically, when DBP and BIP events are calledtie same hours, customers enrolled
in both programs may not participate in the DBPn¢vEherefore, the portfolio load
impacts for DBP exclude load impacts from custondesaly enrolled in BIPProgram
level load impacts include all enrolled customers.

Simulate reference loads

In order to develop reference loads, we first rigvestied regression equations for each
enrolled customer account, using data for prograars/2009 through 2011. These
eguations were then used to simulate reference lbpdustomer type under the various
scenarios required by the Protocagy( the typical event day in a 1-in-2 weather year).

For the summer months, the re-estimated regressjoations were similar in design to
the ex post load impact equations described ini@e8t2, differing in four ways. First,

the ex ante models excluded the morning-usagebtarig/hile this variable is useful for
improving accuracy in estimating ex post load impdor particular events, it

complicates the use of the equations in ex antalation. That is, it would require a
separate simulation of the level of the morningllddecond, the ex ante models excluded
the summer variables (e.g., the summer variabézanted with the hourly profile).

Third, the event variables were modified from tleesion that produces estimates of 24
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hourly load impact values f@achevent, to a version that produces estimatesefage
hourly event-periodoad impacts across all events. The fourth diffeecbetween the ex
post and ex ante models is that the ex ante ma@sl separate month and year indicator
variables, whereas the ex post model interacted {sach that each month and year had
its own intercept).

Because DBP events may be called in any montheoyelar, we estimated separate
regression models to allow us to simulate non-summaference loads. The non-summer
model is shown below. This model is estimated sdphr from the summer ex ante
model. It only differs from the summer model in tways: it include$iDH; variables,
where the summer model does not; and the month desmelate to a different set of

months. Table 6.1 describes the terms includeddreguation.

24 24 24
Q =a+) (b°® xh, xDBR)+ > (b°™ xh, xOtherEvt,) + ¥ (" xh,, x BIPEVL,)
i=1

24
+3 0 xh
i=1

24
+> (6™ xh,
i=2

i=1 i=1

24 24
¢ XCDH,) + > (5" xR xHDH,) + > (0" xh ; x MON,)

i=1 i=2

24 5
xFRI)+> (B"xh )+ (b""xDTYPE,)
i=2 i=2

2011

+ 2 (O™ xMONTH, )+ > ("™ xYEAR)+¢

i=2510-12 i=2009
Table 6.1: Descriptions of Terms included in the ExAnte Regression Equation
Vel Variable Description
Name
Q: the demand in hour t for a customer enrolled in DBP prior to the last event date
The various .
b's the estimated parameters
hi a dummy variable for hour i
DBP; an indicator variable for program event days
CDH; cooling degree hours
HDH, heating degree hours™
o equals one in the event hours of other demand response programs in which the
therEvt; :
customer is enrolled
BIPEVt;; Equals one in BIP event hours if the customer is enrolled in BIP program
MON; a dummy variable for Monday
FRI; a dummy variable for Friday
DTYPE;; a series of dummy variables for each day of the week
MONTH;; a series of dummy variables for each month
YEAR;; a series of dummy variables for each year; and e, is the error term
€ the error term.

8 Heating degree hours (HDH) was defined as MA%[D~ TMP], where TMP is the hourly temperature
expressed in degrees Fahrenheit. Customer-speifdfit values are calculated using data from the most
appropriate weather station.
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Once these models were estimated, we simulatea@dbad profiles for each required
scenario. Each of the profiles was simulated amvanage of Tuesday, Wednesday, and
Thursday profiles. The typical event day was assutoeccur in August. Much of the
differences across scenarios can be attributedrgng weather conditions. The
definitions of the 1-in-2 and 1-in-10 weather yeans the same as those used to develop
ex ante load forecasts in the previous two stu@ieseloped following PY2009).

Calculate forecast percentage load impacts

For both PG&E and SCE, the percentage load impeets based on estimates from a
model using data from program years 2009 throudt 28pecifically, we examined only
customers enrolled in PY2011, but included datenftbe previous two program years
for customers that were enrolled in those yearss irtethod allowed us to base the ex
ante load impacts on a larger sample of eventgsiwdtiould improve the reliability and
consistency of the load impacts across forecasts.

For PG&E, hourly percentage load impacts were agea by size group, LCA and
whether the customer was dually enrolled in BIRcd&ese the forecast event window
(1:00 to 6:00 p.m. in April through October; an@@to 9:00 p.m. in all other months)
differs from the historical event window (2:00 t®6 p.m.), we needed to adjust the
historical percentage load impacts for use in thardge study. Specifically, in summer
months, we shifted the load impacts back one hegmiming at hour ending 14 (1:00 to
2:00 p.m.) and replicated the hour ending 15 houhbur ending 14. This method
ensured that the load impact pattern in the prd-parst-event hours was maintained. For
the non-summer months, the summer hourly percemvagempacts were shifted
forward three hours, so that the event hours mdttterequired 4:00 to 9:00 p.m.
window.

We pooled customers across cells where samplewe@ssmall to estimate more
reliable load impacts. For the DBP-only custom#rs,following cells were pooled:
e Allunder 20 kW customers;
o 20 to 200 kW customers in the Greater Fresno, Huabdgern, and Sierra; and
» Over 200 kW customers in Humboldt and Stockton vbaxged on an average of
all over 200 kW customers.

For DBP/BIP customers, the following cells were lgdo
* Allunder 20 kW except those in the Greater BayaAre
e All 20 to 200 kW customers; and
* Over 200 kW customers in Greater Fresno, Humbbldtthern Coast, Sierra,
and Stockton.

The uncertainty-adjusted load impacts (i.e., th®& 80", 50", 70", and 98 percentile
scenarios of load impacts) were calculated undeagisumption that the load impacts are
normally distributed with a mean equal to the tetstimated load impact and a variance
equal to the sum of the variances (the squardseadttindard errors) associated with the
load impact estimates.
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Table 6.2 shows the average event-hour percenbagerpacts used in the ex ante
analysis. Note that the highest percentage loa@dtspoccur in the DBP/BIP cells.

Table 6.2: Average Event-Hour Percentage Load Impds by Cell, PG&E

. . Customer Group
Size Group Local Capacity Area DBP Only | DBP/BIP
Greater Bay Area 5.0% 98.7%
Greater Fresno 5.0% 0.0%
Humboldt 5.0% 0.0%
Kern 5.0% 0.0%
Under 20 kw Northern Coast 5.0% 0.0%
Other 5.0% 0.0%
Sierra 5.0% 0.0%
Stockton 5.0% 0.0%
Greater Bay Area 2.8% 9.4%
Greater Fresno 4.0% 9.4%
Humboldt 4.0% 9.4%
Kern 4.0% 9.4%
2010 200 kw Northern Coast 4.1% 9.4%
Other 1.7% 9.4%
Sierra 4.0% 9.4%
Stockton 3.0% 9.4%
Greater Bay Area 1.3% 9.2%
Greater Fresno 6.4% 1.8%
Humboldt 1.9% 1.8%
Kern 10.2% 21.5%
Over 200 kw Northern Coast 0.5% 1.8%
Other 2.1% 32.1%
Sierra 4.3% 1.8%
Stockton 1.9% 1.8%

The process was somewhat different for SCE, prignviaccount for program changes
that will be occurring during the forecast winddvirst, under 200kW customers will be
allowed to enroll in DBP beginning in 2013. Secoaidthe end of 2013, SCE plans to
remove "non-performing” customers from the overk®@Qyroup. "Non-performing"
customers will be defined as those who were nat pairedit. In addition, the process
needs to differentiate between customers enroitdylio DBP and those dually enrolled
in DBP and BIP (to allow for the production of bgtbrtfolio- and program-based load
impacts).

In all cases, the SCE percentage load impacts eegieed from the regression results
using customers enrolled in PY2011, but includiatadrom PY2009 and PY2010 if the
customer was enrolled in those years. While weatdave estimates of the load impacts
for the smaller customers to be enrolled startmBY2013, we attempted to develop the
most relevant load impact estimates from the datemad by using only the 642 service
accounts with event-day maximum demands (from stimated reference loads) of
200kW or less. The resulting event-hour load impaahged from 1.3 percent to 4.6
percent.
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We further differentiated customers according t@thkr they were dually enrolled in
BIP and whether they were paid a credit in PY201RY:2010*° We identified 437
service accounts that were paid a credit and 2d4cgseaccounts that were dually
enrolled in BIP. The percentage load impacts weea tadjusted to account for
differences between the historical and ex antetevarmows. The event-hour impacts
were reduced from the historical eight-hour duratmthe forecast five-hour duration as
follows:
» The first and last event hours of the historicar@gwindow are retained as the
first and last event hours of the forecast eventaw;
* The average of the second and third historical €veurs is used as the second
forecast event hour;
* The average of the fourth and fifth historical eMeours is used as the third
forecast event hour; and
» The average of the sixth and seventh historicahieleurs is used as the fourth
forecast event hour.

Table 6.3 shows the average event-hour load impaicesach group.

Table 6.3: Average Event-Hour Percentage Load Impds by Group, SCE

Group Average % LI Where Used

All current customers 6.3% 2012, 2013 over 200kW

All current paid a credit 10.8% 2014+ over 200kW

Current not in BIP 1.0% Portfolio 2012, 2013 over 200kW
Not in BIP + paid a credit 1.6% Portfolio 2014+ over 200kW
Under 200kW 3.0% 2013+ under 200kW

Apply percentage load impacts to reference loadedah event scenaridn this step,
the percentage load impacts were applied to tlezaete loads for each scenario to
produce all of the required reference loads, esdthavent-day loads, and scenarios of
load impacts.

Apply forecast enrollments to produce program-ldeatl impactsFor PG&E, The

Brattle Group produced load impacts at the progearal, portfolio level, and by LCA by
applying the database of per-customer load impaetted in the previous step to their
enrollment forecasts. The per-customer referermgsl@and load impacts were first scaled
to match the expectesizeof customers (measured as annual average usathe) in
enrollment forecast and then multiplied by the nemiff enrolled customers to obtain
cell-level results. Program-level results were ot#d by aggregating results across cells.
SCE provided with its own enroliment forecast, whi€ summarized in the next section.

6.3 Enrollment Forecasts

This section summarizes the enrollment forecasts resulting reference loads and ex
ante load impact forecasts. Detailed tables afeslllts required by the Protocols are
provided in associated appendices.

¥ We included two years of data to determine "penfag” customers because PY2011 contained fewer
events than other program years, which may resdiévwer customers being paid credits.
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PG&E

PG&E forecasts DBP enroliments to increase by apprately 4.9 percent in 2013,
which partly consists of customers being migratedhfthe PeakChoice, Best Efforts
program, which is closing at the end of 2012. Tate of enroliment growth declines
throughout the forecast period, to 0.4 percent@22 By 2022, 1,329 customers are
expected to be enrolled in DBP. The portfolio-basellment forecast includes 226 to
304 fewer customers than the program-based ennallfoeecast during the summer
months. Figure 6.1 illustrates PG&E's forecast kments in August of each year.

Figure 6.1: Number of Enrolled Customers in Augusbf Each Forecast YearPG&E
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As described earlier, SCE is planning two changd3BP that affect the enrollment
forecast. In 2013, SCE will begin enrolling custosn@ith maximum demand under 200
kW. At the end of PY2013, SCE will remove non-periong customers from the group
of over 200 kW customers. These changes are #iiestrin Figure 6.1 below, which
shows August enrollments by size category and &stegear. Approximately 1,100
under 200 kW customers are forecast to join DBBOi13, and 662 over 200 kW
customers are expected to be removed due to ndorpamnce (i.e., not being paid a
credit during PY2013). To account for dual enrolimye&ustomers enrolled in DBP and
BIP are removed from the program in each year edyce the portfolio-based load
impacts. There are approximately 210 such customet812 and 2013 and 99
customers in 2014 through 2022.
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Figure 6.2: Number of Enrolled Customers in Augusbf Each Forecast YearSCE
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6.4 Reference Loads and Load Impacts

For each utility and program type, we provide tbikofving summary information
regarding the load impact forecasts, includingttberly profile of reference loads and
load impacts for typical event days; the levelazd impacts across years; and the
distribution of load impacts by local capacity ar@aitcomes for August 2014 are used
throughout, as the significant program changesheille occurred by that date.

Together, these figures provide a useful indicatibthe anticipated changes in the
forecast load impacts across the various scenaaprssented in the Protocol tables.
All of the tables required by the Protocols arevided in an Appendix.

6.4.1 PG&E

Figure 6.3 shows the program-level August 2014daseload impacts for a typical event
day in a 1-in-2 weather year. Event-hour (1:00:@06.m.) load impacts average 45.2
MW, which represents approximately 4.5 percentefanrolled reference load. Figure
6.4 shows the same load impacts at the portfako, ivhen all DR programs are
simultaneously called). On average, the load ingart reduced by 30.5 MW (relative to
the program-level load impact) to 14.8 MW. The patage load impact goes down to
2.0 percent. The large difference between prognadnpartfolio load impacts is due to
the contribution of customers dually enrolled in®Bnd BIP. In the portfolio analysis
(when a BIP event is assumed to be called at tine $ine as the DBP event), the load
impacts for the dually enrolled customers are rezddvom DBP, dramatically reducing
the load impact.
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Figure 6.3: PG&E Hourly Event Day Load Impacts forthe Typical Event Day in a
1-in-2 Weather Year for August 2014, Program Level
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Figure 6.4: PG&E Hourly Event Day Load Impacts forthe Typical Event Day in a
1-in-2 Weather Year for August 2014, Portfolio Leve
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Figure 6.5 shows the share of load impacts by loaphcity area, assuming a typical
event day in an August 2014 1-in-2 weather yearst@ners not in any LCA account for
the largest share, with 66 percent of the load stypa

Figure 6.5: Share of Load Impacts by LCA for the Algust 2014 Typical Event Day
in a 1-in-2 Weather Year
Stockton
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Figure 6.6 illustrates August load impact for ebmiecast year across four scenarios,
differentiated by 1-in-2 versus 1-in-10 weatherdaitons, and portfolio- versus program-
level load impacts. There is a very small diffelentload impacts across weather
scenarios, but the portfolio-level load impactsrareh lower than the program-level
load impacts (due to the removal of the customeedlylenrolled in BIP). The program-
level load impacts decrease over time as the DBPdBtomers (which have a high
share of the total load impacts) has a downwardltre
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Figure 6.6: Average PG&E DBP Hourly Load Impacts ly Scenario and Year
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6.4.2 SCE

Figure 6.7 shows the program-level forecast refsrdoads and load impacts for an
August peak day in a 1-in-2 weather year from 2Bitédugh 2022 (the enroliment
forecast is assumed to remain constant duringotimi®d of time). The average program-
level load impact is 89.9 MW, or 6.6 percent of thierence load.

Figure 6.8 shows the portfolio-level forecast forAugust peak day in a 1-in-2 weather
year from 2015 through 2022. This forecast diffeosn the program-level forecast by
excluding customers who are dually enrolled in C#8id BIP. Because the dually
enrolled customers are much more demand respotisinghe non-BIP customers, the
load impacts are much lower in the portfolio-baseenario. Event-hour load impacts
average 11.9 MW (a reduction of 78 MW relativelte program-level load impacts), or
1.2 percent of reference load.
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Figure 6.7: SCE Hourly Event Day Load Impacts for he Typical Event Day in a
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Figure 6.8: SCE Hourly Event Day Load Impacts for he Typical Event Day in a
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Figure 6.9 shows the distribution of program-ldeeald impacts across local capacity
areas. The LA Basin accounts for the largest shdtle 56 percent of the total load
impacts.

Figure 6.9: Share of SCE DBP Load Impacts by LocaCapacity Area
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Figure 6.10 illustrates the average August howddlimpact across scenarios and year.
The 1-in-10 load impacts are only slightly highteaurt the corresponding 1-in-2 load
impacts, but the program-level load impacts arehmugher than the portfolio-level load
impacts. The program-level load impact rises thiotlng forecast years, reaching 89.9
MW in the 1-in-2 load impacts for 2015-2022.
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Figure 6.10: Average PG&E SCE Hourly Load Impacts ly Scenario and Year
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6.4.3 Comparison to Previous Ex Ante Forecast

Table 6.4 provides a comparison of the programtlexeante forecasts from the current
and previous studies. We compare August 1-in-Zamts for 2014-2022 (2015-2022 in
the current forecast) for SCE and 2012 for PG&EIYQ012 can be compared for

PG&E, because that was the only forecast yeardeclun the previous years' forecast.)

Table 6.4: Comparison of Current and Previous Ex Ate ForecastsProgram-Level

Result Type Previous PG&E Current PG&E Previous SCE Current SCE
yp 2012 2012 2014+ 2015+

# Enrolled 1,182 1,177 3,200 2,189
FMe\‘;sgence Load 872 MW 948 MW 1,010 MW 1,356 MW

'(‘I\‘/’ls\‘j')'mpa‘:t 66.9 MW 49.2 MW 87.9 MW 89.9 MW

% Load Impact 7.7% 5.2% 8.7% 6.6%

For PG&E, the slight decrease in enrollments comdbwith an increase in total
reference load implies that the average custoraeriscreased across evaluations. The
total and percentage load impacts are lower irctineent forecast. The lower percentage
load impact appears to be driven by the use of imgécts from three program years in
the current study, versus only one in the prevexauation. The second event in
PY2011 and the event in PY2009 both had lower pe¢acge load impacts than the single

event in PY2010.
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For SCE, enrollments are 1,011 lower in the curesaluation, but the total reference
load is 346 MW higher and the total load impa@ W higher. A few factors
contribute to these differences. First, the curesmbliment forecast contains a larger
share of over 200 kW customers than the previoudlarent forecast (up to 43 percent
from 19.2 percent). Second, the three-year pensgeestused to calculate percentage
load impacts, versus the one-year perspective ingbe previous study. Percentage load
impacts in PY2011 tended to be higher than in tlegipus two program years. Third, we
determined "performing” customers from a differeett of data. It appears that the
customers identified as "performing" were larget, lbad lower percentage load impacts
than the customers identified as performing ingreious forecast. The effect of the
shifting definition of performing customers indieatthat SCE may want to use more
than one year of program payments to identify periog customers.

Table 6.5 conducts the same comparison, this tirtteegportfolio level (i.e., excluding
the load impacts from customers dually enrolle8liR).

Table 6.5: Comparison of Current and Previous Ex Ate ForecastsPortfolio-Level

Result Tvne Previous PG&E Current PG&E Previous SCE Current SCE
yp 2012 2012 2014+ 2015+

# Enrolled 1,031 873 3,099 2,090

(RMe\‘;s;ence Load 684 MW 652 MW 762 MW 1,001 MW

I(_I\(/Jls\(lj)lmpact 7.8 MW 12.6 MW 18.1 MW 11.9 MW

% Load Impact 1.1% 1.9% 2.4% 1.2%

For PG&E, load impacts increase despite the faattttie enrollment forecast has
decreased. This is due to the fact that the losplorgse from the DBP-only customers
increased substantially in PY2011 relative to PY201

For SCE, the comparison is similar to that of thegpam-level described above. That is,
the current forecast skews enrollments much mavar larger customers than the
previous forecast. In addition, the large custonaeedarger than they were in the
previous forecast, but with lower percentage loagdcts.

7. Validity Assessment

7.1 Model Specification Tests

A range of model specifications were tested bedoreing at the model used in the ex
post load impact analysis. Model variations inchlittee following:

« The use of cooling degree days (CDD) versus coalggyee hours (CDH}

» Arange of temperature thresholds used in the CBdD@DH calculations, from
50 through 70 degrees Fahrenheit in 5 degree irearesn

2 CDD = MAX{Average(Maximum Temperature for the Daylinimum Temperature for the Day) —
Temperature Threshold,0}. CDD is the same in damir of a given day. CDH = MAX{Temperature in
that Hour — Temperature Threshold),0}. CDH can \aaross the hours of a given day.
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* Whether to include the square of CDD or CDH fortelour; and

« The inclusion of the morning load variabieersus excluding the variable and
controlling for serial correlation using the Pr&iSasten estimation method.

The primary criterion used to compare the altemeaspecifications was the model's
accuracy on a set of event-like non-event daystifigesvas conducted on the aggregated
DBP load for each utility. For each utility, we seted five non-event days that most
resembled the actual event days to serve as pritiesent day$? That is, the ability of
the model to accurately predict the DBP load osetaays may be indicative of its
ability to perform well on event days (for which we not have the "true" answer).

For each utility and specification, we estimatefiodels. In each of these models, one
of the five "test" days is withheld from the sam@ad the estimated model parameters
are used to predict the usage difference (i.e.dépendent variable) for that day. The
difference between the observed value and the gisztivalue for the test days provides a
means of assessing the model's accuracy.

Figures 7.1 and 7.2 provide an initial examinatbthe appropriate temperature
threshold to be used in the CDD and CDH calculatidmese figures contain scatter
plots of average DBP loads and temperatures fdr etldy, during hours ending 15
through 18 for PG&E and 13 through 20 for SCE (Wwheocompasses all of the event
hours that were called in 2011) for non-holiday and-event weekdays in the summer
of 2011. The figures appear to imply a linear relahip between temperature and load,
which would lead us to suspect that the squaredhgeaariables would have little effect
on the estimates. With the exception of a couplewftemperature days in Figure 7.1,
the linear relationship holds to the lowest obseénemperature levels, leading us to
conclude that lower threshold temperatures are mopeopriate than higher threshold
temperatures. With so few observations below 60ad=gFahrenheit, we would expect
that thresholds at or below this level would praglsonilar results.

% The morning load variable equals the customegsame daily load from hours ending 1 through Qs |
intended to work in a similar fashion as the dagadjustment to the 10-in-10 baseline calculatiothog.

2 For PG&E, the selected days are: August 25, Sdped, September 13, September 21, and September
23. For SCE, the selected days are: July 6, Augyustigust 24, August 25, and September 6.
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Figure 7.1: Average Temperatures versus AggregateBP Loads,PG&E
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Figure 7.2: Average Temperatures versus AggregateB» Loads,SCE
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The most important conclusion we reached from feeification tests is that the load
impact estimates are very robust to alternativeifipations. That is, the load impacts
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did not vary substantially as we varied the temjpeeathreshold or included the squared
weather terms. General conclusions are as follows:
* CDH models fit better than CDD models;
* The inclusion of the morning load variable producese accurate load shapes
than the Prais-Winsten models without the mornaagllvariable; and
* The squared weather variables have little to necétbn model accuracy.

Figures 7.3 and 7.4 illustrate, for each utilitye taccuracy of the model predictions by
comparing the average observed load for the fiemnelike days to the predicted loads
for those same days across a variety of the spatidns. In the figures, "ML" indicates
models using the morning load variable, while "P-v\fficates models using the Prais-
Winsten estimation method. As the figure showsréselts across model specifications
almost completely overlap one another. That ispfahe specifications shown are quite
accurate.

Figure 7.3: Predicted versus Observed Loads on Evehike Non-Event Days,
PG&E
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Figure 7.4: Predicted versus Observed Loads on Evehike Non-Event Days,SCE
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Tables 7.1 and 7.2 provide detailed results froensgpecification tests. Model variations
shown in the table include the morning load veRiags-Winsten models; the use of
CDD or CDH weather variables; and temperature Hulels of 50, 55, 60, and 65
degrees Fahrenheit. The types of results showtharR-squared for the model as a
whole; and the root mean squared error (RMSE)lfdroaurs and the "event" hours of the
event-like non-event days. The "best" value in eaatbmn is highlighted in bold.

Notice that the most accurate models are nearip #tle morning load, CDH results
section. Based on these results, we proceededhetimodel that uses the 50 degree
threshold, which produced the best fit acrossalirk for both utilities.

61 CA Energy Consulting



Table 7.1: Specification Test ResultfG&E

Event-like Day
RMSE

Weather Temperature All Event

Model Type Type Threshold R® | Hours Hours
50 0.974 7,743 8,257
cDD 55 0.974 7,730 8,225
60 0.973 7,694 8,166
Morning Load 65 0.970 7,687 8,278
50 0.977 7,082 8,299
CDH 55 0.977 7,070 8,278
60 0.977 7,032 8,146
65 0.975 7,060 7,986
50 0.947 9,908 11,652
CDD 55 0.947 9,880 11,594
60 0.946 9,769 11,442
Prais-Winsten 65 0.944 9,743 11,806
50 0.949 10,009 12,836
CDH 55 0.950 9,861 12,704
60 0.949 9,793 12,485
65 0.947 10,261 13,020

Table 7.2: Specification Test ResultsSCE

Event-like Day
RMSE

Weather Temperature All Event

Model Type Type Threshold R® | Hours Hours
50 0.974 15,695 16,763
cDD 55 0.974 15,694 16,756
60 0.974 15,684 16,713
. 65 0.974 15,703 16,752
Morning Load 50 0.976 | 15,382 16,751
CDH 55 0.976 15,385 16,738
60 0.976 15,394 16,744
65 0.975 15,490 16,882
50 0.953 19,946 16,747
CDD 55 0.953 19,808 16,491
60 0.953 19,694 16,234
Prais-Winsten 65 0.953 19,574 16,030
50 0.954 20,271 18,122
CDH 55 0.954 20,261 18,153
60 0.954 20,532 18,525
65 0.952 21,440 20,235

7.2 Refinement of Customer-Level Models

While the specification tests described in Sectidnwere conducted on aggregated load
profiles for each utility, the ex post load impaate derived from the results of customer-
level models. We examined the estimated load inspgfact these models to determine
whether any modifications to the estimates areirequWe do this by comparing the
observed hourly event-day loads to the observedsl@am similar days to determine a
"day matching"” load impact that may be comparetthécestimated load impacts.
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This examination resulted in revisions to the loagacts for six SCE service accounts
and eleven PG&E service accounts. In each caseeginession model estimated sizeable
load impacts (both positive and negative), whetkadindings from the informal day-
matching method indicated no response to the aelant

Figure 7.5 illustrates an example of a load imgatimate that was revised to zero using
our examination of the load dathFor this PG&E customer, the model estimated a 46
percent load reduction during the SeptemBee@nt. An examination of the raw usage
data indicated that the load reduction during trenehours was something that
happened regularly, even on non-event days. How#wepattern of the reductions was
such that the regression model was unable to fgahtBased on this, we determined
that the load reductions were not a response to iDB#htives and set the load impact for
that customer's event to zero.

Figure 7.5: Example of an Edited Customer Load Impat Estimate
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7.3 Comparison of Load Impacts to Program Year 2010

It may be instructive to compare the ex post laagacts estimated for PY 2011 to those
of the previous program year. Tables 7.3 and 7edqnt load impacts for each utility and
program year, with customers separated into threeps:
» Customers who were present in the program in baigrpm years 2010 and
2011,

% For confidentiality purposes, the "loads" showifrigure 7.5 are equal to each hour's load dividethe
average hourly load for the week's observations.
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» Customers who were present in the program in PYL 201y (new additions);
and

» Customers who were present in the program in PO 201y (attrition).

Table 7.3 shows that for PG&E the largest sourda@thange in load impact estimates
across years is a change in estimated load imfmatsistomers present in both program
years. However, we estimated 67.2 MW of load impé&at the first event in PY 2011,
which is quite close to the value for the singl ®vent in PY 2010. Therefore, the
difference in average load impacts across yearssinayly reflect variability in load
impacts across the two PG&E test events.

Table 7.3: Comparison of Load Impacts (in MW) in PY2010 and PY 2011, PG&E

Program Year LIin PY 2011 | Llin PY 2010 | Change

In both years 55.6 66.1 -10.5
In PY 2011 only 1.3 n/a 1.3

In PY 2010 only n/a 2.1 -2.1
TOTAL 56.9 68.2 -11.3

Table 7.4 shows that for SCE the largest sour¢keothange in load impact estimates
across years is 16.3 MW in load impacts from nesvisolled customers. Therefore, the
increase in program-level load impacts appear® tatgely due to changes in program
participation.

Table 7.4: Comparison of Load Impacts (in MW) in PY2010 and PY 2011, SCE

Program Year Llin PY 2011 | Ll in PY 2010 | Change

In both years 61.5 59.6 1.9
In PY 2011 only 16.3 n/a 16.3
In PY 2010 only n/a 2.5 -2.5
TOTAL 77.8 62.1 15.6

8. Recommendations

We recommend an investigation of alternative mesifod estimating the incremental
load impacts from the AutoDR and TA/TI programs.described in Section 4.3, data
limitations prevented us from estimating relialsieremental load impacts for this
evaluation.

In the future, utilities may want to investigate tieasibility of basing the incremental
load impacts on information gathered from data évg@pplied to the equipment affected
by AutoDR or TA/TI. (This may not be possible, degmg on the program or specific
application of the technology.) A simulated evessttcould be conducted before and
after the technology is installed at the custonstés A comparison of the test results
before and after the installation of the technolagyld provide the estimate of
incremental load impacts of the technology for thagtomer.
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In addition, the utilities may want to consider \iiex the analysis of AutoDR and TA/TI
load impacts should be conducted under a sepayateact from the current load impact
evaluations, such that all AutoDR and TA/TI custosngould be evaluated by the same
contractor using a uniform methodology. This mayeneasily allow the contractor to
employ methods that fundamentally differ from thethods used to estimate program
load impacts. One potential problem with this apgtois that it may require the
contractor to be familiar with the details of aiety of DR programs.

Appendices

The following Appendices accompany this reportcteis an Excel file that can produce
the tables required by the Protocols.

DBP Study Appendix A PG&E Ex-Post Load Impact Table

DBP Study Appendix B SCE Ex-Post Load Impact Table
DBP Study Appendix C PG&E Ex-Ante Load Impact Table
DBP Study Appendix D SCE Ex-Ante Load Impact Table
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