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1 INTRODUCTION

This report summarizes the findings of Southern Califodtid E O $dEpd®mand response load
impact evaluations from 2019. The purpose of this report is twofold: first, to providghalevel
overview of the history, methods, impacts, and forecasts atle demand response program, and to
comply with the relevant decisidiy the California Public Utilities Commissi@@PUC or Commission)
to provide a summary of PY2019 ex post and ex ante impacts.

There weresevendemand respnse programsnd one timeof-use pilotevaluated in 2019%0me

involving multiple customer segments, dispatch strategies, or notification strategies. Thegratged

in three overallcategoriesin Error! Reference source notfoundd 4 EA AT 1 T OEOQOET 1T 1 £ 3+
portfolio has changed over time, with programs such as Optional Binding Mandatory Curtailment
(OBMC)and Scheduled Load Reduction Progrg8i.RP)ot evaluated. Permanent Load Shifting,

Demand Bidding Program, and Aggregator Managed Program are no longer available to customers and
have not been evaluated since 201tY2014, the Commission issued Decision (D-12824, which
established steps toward full implementation of the bifurcatiohdemand response into load

modifying and supplgideresources, as well as the full integration of supgptieresources into the

California Independent System Operator (CAISO) energy market by 2018. In 2015, SCE began
integration of its demand response resources into the California Independent System Operator (CAISO)
wholesale energy market and towards bifurcatiohits DR portfolio. In a move towards bifurcation, the
Commission adopted new budget categories in D1PA003, thereby removing the old reliability and
price-responsive categories.

! Decision D 1@4-006
20BMC is not considered a demand response program by SCE as it is a program of last resort. SLRP has no
participants enrolled and no expected future enrollment.
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Tablel: Categorization of SCE DR grams

Supply Side
Base Interruptible Program with 15
minute advance notice (BHP5)

Load Modifying
Critical Peak Pricing (CPP)arge

Pilot
Residential Timeof-Use Pricing
Pilot Rate 4 (BTOU 4)

Base Interruptible Program with 3(
minute advance noticéBIR30)

Critical Peak Pricing (CPP)
Medium

Residential Timeof-Use Pricing
Pilot Rate 5 (Brou 5)

Agricultural and Pumping
Interruptible Program (AR)

Critical Peak Pricing (CPPymall

Capacity Bidding Program with
Day-ahead Notification (CBDA)

Red Time Pricing (RTP)

Capacity Bidding Program with
Day-of Natification (CBPDO)

Summer Discount Plan
Commercial (SDFT)

Summer Discount Plan
Residential (SDR)

Smart Energy Program (SEP)

Each evaluation for the progranand pilotlisted abovewasdone in compliance with the California
Demand Response Load Impact Protoépishich specifyhe frequency, format, and results required
when performing a load impact evaluation. This framework is intended to provide regulators, program
staff, and other interested parties key facts about the performance of each program in a consistent
manner. While the load impact protocols do not specify the exact analysis to be performed for each
program, they do specify the required results of each gsial At a high level, these requirements

include:

A Ex Post Impacts: an estimate of demand reduction by hour for each program and event day,
subset in to key segments

o0 Impact estimates for each of the 24 hours on various event day types for event
based resarce options and other day types for n@vent based resources;

o Estimates of the change in overall energy use in a season and/or year;

0 Uncertainty adjusted impacts, reported for the 10th, 30th 50th, 70th, and 90th
percentiles, reflecting the uncertaintgssociated with the precision of the model
parameters and potentially reflecting uncertainty in key drivers of demand
response, such as weather;

3Relevant decisions can be found he@PUC Rulemakin(R.)07-01-041, D.0804-050,and the full load impact
protocols can be found herdttp://www.calmac.org/events/FinalDecision_AttachementA.pdf

5



A

Ex Ante estimates: using prior performance to provide g/&ar forecast of program

demand response capabilitynder standard weather scenarios

o Exante estimates that utilize all relevant information from ex post evaluations
whenever possible, even if it means relying on studies froheptitilities or
jurisdictions

Documented methods: Various statistical meassi®o that reviewers can assess the
accuracy, precision and other relevant characteristics of the impact estimates

Standardized outputs that utilize a common format

0 ExPost and Ex Ante estimates rely on slightly different formats, however they are

consistert across programs

Detailed reports that document the evaluation objectives, impact estimates, methodology,

and recommendations for future evaluations.

This report compiles the results of each evaluation areksents the higHevel methodology, ex post
impacts, ex ante impacts, and recommendations for each progasuth pilot Much more detail for each

evaluation can be found in the evaluation reports:

A

2019 Statewide Load Impact Evaluation of California Capacity Bidding Prograppied
Energy Group

2019Statewide Load Impact Evaluation of California NBesidential Ctical Peak Pricing
Programs Applied Energy Group

2019 Load Impact Evaluation of California Statewide Base Interruptible Programs (BIP) for

Non-Residential Customers: BBost andEx AnteReport,Christensen Associates Energy

Consulting

2019SCESmart Energy Program Load Impact Evaluati@emand Side Analytics

2019 SCE Summer Discount PRrogram Year 201Road Impact EvaluatiorDemand Side

Analytics

2019 SCE Real Time Pricing Demandpgoase EvaluatiorDemand Side Analytics

2019 SCE Agricultural & Pumping Interruptible Demand Response EvaluBmnand Side

Analytics

Wb Xi
Nexant

, T AA

) I PAAO

%OA1 OAOQEIT 1

I £ 31 BOEAOI

The remainder of this reqrt proceeds as follows. An overview of each DR programs is provided,

including key facts about program eligibility, incentives, and dispatch method. This is followed by a

review of key evaluation methods relevant to all prograrign with programspecifc materials. Ex

post and ex ante results for each portfolievel DR program are summarized, and the report concludes

6
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with program-specific recommendations. Additional impact estimates and other evaluation materials
can be found in the appendices.



2 OVERVIBN OF DEMAND RESPONSE PROGRAMS

SCE has a variety of residential, commercaajricultural,and industrial demand response programs
available for eligible customers. For reporting purposes, they are groupedthree categories:supply
side programs,dad modifying programs, and pilots

The following sections will summarize the eligibility and dispatch conditions for each pradvatat a
highlevel,the programs can be grouped in the following way:

A Supply SidePrograms: Programsthat arebid into the CASO wholesale energy market.
Dispatch is based upon CAISO market awards.

A Load Modifying Programs: Tariffed dynamic pricing programs that reshape or reduce the
net load curve.

A Pilots: Programsor activitiesthat may bedeployed for longer time horizons angtgically
include permanent load shifting either from a device or through ratsed mechanisms

2.1 SUPPLY SIDE PROGRAMS

SCE hasive supplysideprograms thataredispatchedbased upon CAISO market awardshese
programsare bid into the CAISO market &eliability Demand Response Resources (RDRR) or Proxy
Demand Response (PDR) resources

BASEINTERRUPTIBLEPROGRAM

Base Interruptible Programs are statewide voluntary programs that offer customers a monthly capacity

bill credit in exchange for the commitnmeé to reduce their energy consumption to an amount that

i AAOO OEA AQOOI 1 A0CBO 1 ETEI O T®MOARHEQIT A3l A COONENAORE Q AAIC
when notified of an emergency situation M&Eevent. Notification is provided 15 or 30 minutes bedor

an event based on the program option selected by the custamer

11 OEOAA 1T £ #Al EAWOOEATD® EOSHAOEEADA " EOS AOOOI I A
demands of 200 kW and above. The program includes two participation options:

A Option A, whth requires a customer or Aggregated Group to reduce its demand to its FSL
within 15 minutes of a Notice of Interruptioar

A Option B, which requires a customer or Aggregated Group to reduce its demand to its FSL
within 30 minutes of a Notice of Interruption.

Interruption events for an individual BIP customer or aggregated group are limited to no more than one
event per day (Isting no more than 6 hours), ten in any calendar month, and a total of 180 hours per
calendar yearTheBIPoffersincentivepaymentsthat are provided regardless of whether events are
called, and excess energy charges are assessed if customers fail to reduce consumption to their FSL.
Non-performing customers may also have their FSL reset or be removed from the program. An



interruptioneveni AU AA AAT T AA AU OEA #Al EAI Ol EA CEtAADPAT AAI
any time during the year.

AGRICULTURAL ANIFPUMPINGINTERRUPTIBLEPROGRAM

The Agricultural & Pumping Interruptible (Al program is a longstanding demand response program
iNnSOOEAOT #AIl EA&EI Ol EA %AEOI T | 3#%qQ60 OAOOEOI ous ) I
participate in DR events witho notice. During an event, which can be called for CAISO Emergencies,

SCE load reduction, system contingencies, or progeraluation, a signal is sent to a switch installed

on customer pump®r other agricultural loadAt the end of an event, SCE sends another signal to

switch pumps backn; however,a subset of pumps must be manually restarted. Events can be called

for up to6 hours each, up to 40 hours per month, or 150 hours per year. Events cannot be called more

than once per day or more than four times iweaek.Participation incentives are dependent on

customer size and take the form of monthly demand charge credits

SUMMERDISCOUNTPLAN

SDP is a voluntary demand response program that provides incentives to customers who allow

Southern California Edison to curtail or reduce the use of their central air conditioner on summer days

with high energy usage or high energyices. All SDP participants have a load cycling switch device

ET OOATTAA 171 AO 1 AAOGO 1T A AEO AiITAEOEITAO O1T EO8 4
conditioner off and on to reduce load during an SDP event. SCE initiates events by senidjngl dcs

all participating devices through radio frequency transmission. The signals instruct the switch devices

to either fully curtail the use of the air conditioning system or to cycle the air condition on and off,

reducing the run time of the unit durg events, thus reducing demand.

While the underlying technology for load control is the same, the program has multiple program
options which allow participants to choose the extent of their commitment. Residential customers can
elect to have their centrair conditioning units cycled 50% or 100% of the time during an event and
commercial customers have the option of choosing between 30%, 50% or 100% cycling. The incentive
payments vary based on their level of commitment and the abilityesidentialcustomers to optout

of any given evenfcommercial customers cannot opt out)

SCE may dispatch SDP any month of the year, but total program dispatch is limited to 180 event hours
annually. On a single day, dispatch of SDP is limited to a maximum of 6 hohite M& program is

designed to deliver flexible resources under system peaking conditions, SDP resources may be
AEOPAOAEAA AOA Ol q COEA 1T PAOAOTI O xAOTEITCO 10 AiAO
electric system such as high peak demandostlof key transmission lines; high wholesale energy

prices (based on CAISO bid awards); and measurement and evaluation (M&E) testing.



SMARTENERGYPROGRAM

3#% 050 31 A0OO %l AOCU 0 Oler@lidd progfad ¥ vitich iestdendial ddstoAerd 1 1 T C U
with a qualified smart thermostat are provided a monthly bill credit in exchange for allowing their smart
thermostat provider to temporarily adjust their temperature setpoint. During SEP events, thermostat
providers can adjust cooling setpoints upward byrasch as four degreeBahrenheit(°F) to limit air

conditioning usage during peak hours. Limiting air conditioning usage lowers electric demand by
participating households. Multiple events can be called on a single day, but the number of hours of

control cannot exceed four hours in a given day. Dual enroliment in Critical Peak Pricing (CPP),

dispatchable pricing tariffs, or the Summer Discount Plan (SDP) program is prohibited.

SEP has evolved considerably in recent years from its predecessor program, Seeely (SPD).

SEP now relies exclusively on direct load control of central air conditioning systems throulgh Wi
connected smart thermostats. Participants are sent a courtesy naotification 30 minutes prior to event
dispatch, but are not expected to takea action in response to the event signal.

SCE provides SEP participants with a gmae $75 bill credit for enrolling and monthly $10 bill credit for

remaining in the program. Events can be called yeaund, though customers only receive bill credits

for June through September participation. SEP events can be dispatched, or triggered, for multiple

OAAOT 109 #')3/ Ai AOCAT AU AiITAEOETITONn AO OEA AEOAO
SCE service territory; in response to high wholesalergnerices (e.g. economic dispatch); for program
measurement and evaluation or system contingencies.

SEP economic dispatch is limited to 40 hours per year and can only be activated -tbrolitay

weekdays from 11:00 am to 9:00 pm. SEP dispatch for triggersrgency conditions, load relief, and
measurement and evaluation can be activated at any time including weekends and holidays. No more
than 180 hours of SEP events can be called in a calendar year for all dispatch triggers combined.

CAPACITYBIDDINGPRORAM

CBP is a statewide prieesponsive program launched in 2007 CBP, aggregators are entities that
contract with eligible residentidland nonrresidential utility customers to act on their behalf with

respect to all aspects of the demand response pang, including the receipt of notices (daahead,

DA, or dayof, DO) from the utility under this program, the receipt of incentive payments, and the
payment of penalties to the utility. Each aggregator forms a portfolio of individual customers who then
participate on an aggregate basis to provide load reduction during events. The aggregators enroll
participants under the terms of their own contracts to provide the load reduction capacity. The utilities
are not directly involved in the contracts between thggregators and the participating customers. A

4Since PY2018, the program was open to residential customer enrollment. SCE does not yet have any residential
CBP customers.
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few customers are enrolled as individual participants in CBP and are classified-aggreffjated.
Participating aggregators must have Internet access. Enrolled customers must have a qualifying
interval meterand receive Bundled, Direct Access, or Community Choice Aggregation service.

CBP provides monthly capacity payments ($/kW) to aggregators based on the nominated kW load, the
specific operating month, the event duration, and the event notice option. [@edigt capacity

AAOAOI ETAO PAOAEI Oi ATAA8 )& A #"0 ACCOACAOI 060 AAI
or less than 60% for PG&E, the aggregator is assessed a penalty. If no events are called, CBP

aggregators receive the full monthly capacityysaent in accordance with their nominations, but no

energy payments.Additional energy payments ($/kWh) are made to the aggregabased on the

measured kWh reductions (relative to the program baseline) that are achieved when an event is called.

For SCECBP events can be triggered by any of the following conditions: high temperatures, resource
limitations, a generating unit outage, transmission constraints, a system emergency, an alert called by
the CAISO, or market prices go above a given price thresttdnts can be called on any Rbaliday
weekday yeairound, between the hours of 1 PM and 7 PM, with a maximum of five events and 30 event
hours per month.

2.2 LOAD MODIFYING PROGARMS

This category of program is dispatched for economic, weather, or other conditions, instead of CAISO
market awardsLoad modifying programs ardefined asesources that reshape or reduce the net load
curve’

CRITICALPEAKPRICING

CPP programs offer a pediour energy price or demand charge reduction in exchange for higher CPP
period energy prices. For SCE, thame 12 events peyear. The event window for SCéhanged ir2019,
from 2-6 PM to 49 PM.Customers are provided advanced notice so that they ajost behavior and
schedules. Large commercial customers were defaulted on to CPP rates in 2010, while small and
medium businesse§SMB)could opt in to the program starting in 2084A default rollout to the

remaining nonparticipant SMB customers was cqieted in 2019.

REALTIME PRICING

5 Customers peticipating directly receive up to 80% of the available capacity payment; aggregators receive 100%

of the capacity payment for the load reduction receided . T OA OEAO Al 1l 1T & 3#% 60 #"0 AO
an aggregator.

6 Customers participating déctly receive any additional energy payments directly.

7 D.17120083, page 36.

8There is a very small population of residential customers enrolled in the CPP programs, but not reported

separately.
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The Real Time Pricing (RTP) program is a variable 4aafied demand response program for

AT i1 AOCAEAT AT A ET AOOOOEAI AOOOIT I AOGspdeific 3# %50 OAOO
generation energy prices that aset based on the daily maximum temperature in Downtown Los

Angeles on the prior day. Seven potential day types are available, including three summer weekday
schedules, high and low cost winter weekdays, and high and low cost weekends. The rate isat@ilabl
commercial, industrial, and agricultural customers on rates FTOUS8 Standby, TOUGS1, TOU

GS2, TOUGS3, TOLPA2 and TOLPA3. Customers may duahroll in the Agricultural and Pumping

Interruptible ProgramBase Interruptible Progranor theCapacity Bidding Program

Both RTP and other commercial and industrial rates underwent a dramatic change starting in March
2019, where the peak period changed from 1pBpm to 4pmz 9pm. RTP rates also consolidated their
day type structures; from nine parate price schedules to seven; changes that have a dramatic impact
on customer usage patterns.

2.3 PILOTS

These tariffed programs or activities are quite different from the others in that they provide continuous

load reductions rather than solelyoneventd® 1T O AOAT &6 OAE OD A-BeBdd that/ £FOAT
they provide a financial incentive to shift usage away from the peak on each day.

RESIDENTIALDEFAULTTIME-OFUSEPRICINGPILOT

A pilot of residential time of use (TOU) rates was implemented spoase to California Public Utilities
Commission (CPUC) Decision@B001. A key objective of the piletasto develop insights that will

EAI B COEAA 3#%60 APDPOI AAE O1T EIi bl Al AT OAOGETT 1T &£ AA
electricity custorR OO AT A OEA # 0nS reda@ingRiéfdulEpfiding. Ahk Adgfa@tETOU pilot
tested two different TOU rate options: Rate 4 and Rate 5. Approximately 400,000 households were
assigned to one of the TOU rates (200,000 to each rate), and an addi#ioQa@)00 were retained in the
study on the standard tiered rate to act as a control group for those who were placed on the new tariffs.
After receiving multiple notifications regarding the fact that their rate will change if they did not take
action by a ceain date, customers had the option of opting out prior to the rate change and staying
either on their otherwise applicable tariff or choosing an alternative rate plan other than the one they
were to be defaulted on. If a customer took no action, theyevelaced on the default rate associated

with their assigned group.

The primary objective othe analysis waso document the findings of an ex post (after the fact) study

that estimates hourly load impacts for the summer of 2019 (June through Septemid&) 28n

additional objectivewasto provide an ex ante (forward looking) forecast for the next eleven years (2020

01 wvoQoq 1T £ DOI COAI T PAOAOGET 108 4EA Ao Al OA OOOAU
default TOU enrollment forecast and giveveather conditions that reflect SCE and California

Independent System Operator (CAISO) electric system peaks.
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2.4 PROGRAMENROLLMENT

Program enrollment is a big driver of aggregate portfolio impacts in the demand response portfolio.
Error! Reference soure not found. summarizes SClprojected enrollment growth odecreasesintil
2030. In general, total portfolio program enrollment is projected to increase, divienarily by the
default of residential custmers on to Time of Use rates, ahy large increases in the SEP and to a
smaller extent, the CPP programs. Legacy AC cycling programs such aR SD& SDFC will decline
over time, while the(RDRRprogramsz AP-I and BIR will remain relatively flat
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Table2: SCE DR Portfolio Projected Enroliments for 2228380 by Program

Type Program 2020 2021 2022 2023 2024 2025 2026 2027 2028 PAVYAY)
AP-| 935 910 910 910 910 910 910 910 910 910 910
BIP15 53 49 49 49 49 49 49 49 49 49 49
BIP30 411 403 403 403 403 403 403 403 403 403 403
Supply | CBP DA 384 384 384 384 384 384 384 384 384 384 384
Side | CBP DO 233 233 233 233 233 233 233 233 233 233 233
Programs | SDPC 8,092 7,182 6,376 5,667 5,043 4,493 4,008 3,580 3,201 2,866 2,569
SDPR 207,072 | 187,929 | 177,512 | 169,151 | 161,464 | 154,381 | 147,838 | 141,778| 136,151 | 130,908 | 126,010
SEP 60,249 77,971 93,863 | 111,367 | 128,338 | 143,327 | 156,565 | 168,257 | 178,584 | 187,704 | 195,759
Subtotal 277,429 | 275,061 | 279,730 | 288,164 | 296,824 | 304,180 | 310,390 | 315,594 | 319,915| 323,457 | 326,317
CPP Large | 2,491 2,636 2,781 2,926 3,071 3,216 3,361 3,506 3,651 3,796 3,941
CPP 30,272 32,012 33,752 35,492 37,232 38,972 40,712 42,452 44,192 45,932 47,672
Load | Medium
Modifying [ Cpp Small | 219,658 | 232,273 | 244,888 | 257,503 | 270,118 | 282,733 | 295,348 | 307,963 | 320,578 | 333,193 | 345,808
Programs rerp 79 73 66 60 54 54 54 54 54 54 54
Subtotal 252,500 | 266,994 | 281,487 | 295,981 | 310,475| 324,975| 339,475| 353,975| 368,475| 382,975| 397,475
Residential | 246,710 | 469,464 | 2,232,619 | 2,222,025 | 2,212,635 | 2,204,312 | 2,196,934 | 2,190,395 | 2,184,598 | 2,179,460 | 2,174,906
i TOU
Plots Subtotal 246,710 | 469,464 | 2,232,619 | 2,222,025 | 2,212,635 | 2,204,312 | 2,196,934 | 2,190,395 | 2,184,598 | 2,179,460 | 2,174,906
Total | Total 776,639 | 1,011,519 | 2,793,836 | 2,806,170 | 2,819,934 | 2,833,467 | 2,846,799 | 2,859,964 | 2,872,988 | 2,885,892 | 2,898,698

14




3 METHODOLOGY

The primary goal of any load impact evaluation is to answer two key questions: what were the historic

ex post loadmpacts in the prior evaluation perid@de.z what are theex posimpacts) and what are

the estimates of program load impacts going forwdrek. z what are theex anteémpacts)? This second

guestion is of particular importance, as it can be leverafggdong term resource planning, DR impacts

for resource adequacy, and other progress reportiBg.post impacts can similarly be leveraged for

AOOOT I AO OAOOI AT AT O PAUI AT O6n ET xAOGAOh EO EO 1 0O
ex post impats for customer settlement.

Figurel: High Level Impact Evaluation Process

Additional Years of Prior Ex Post Data _ :
Historical Reference Loads

Historical Impacts

Computed
Customer N P =
Characteristics : 1
Active i Forecasted Enrollment
for Ex !
Interval Data Ante ! Ex Ante Weather i
! Scenarios Provided
Weather Data i 4

12 Forecast Years
CAISO, SCE. 1-in-2, 1-in-10 Weather

» Typical Event Day, Monthly Peak Day,
Average Weekday

Enrollment Data

Ex Ante

Event Data

Error! Reference source not foundsummarizes the general process of generating both ex post and ex

ante impacts. The process begins with ex post impact estimation, which begins with answering the

guestion of what load reductions were generated as a result of program dispatch in the/@aiorThis

analysis requires several key pieces of information, including customer characteristics and enrollments,
granular customer load data, weather and system load data, and historic event data. For customers

who will remain enrolled in the programmpacts are combined with prior years of ex post data and

results. The inclusion of additional data is recommended to be able to model a wider range of program

AT TAEOGETITO £l O Ag Al OA8 50ETI ¢ OEA DOl OEABA Ag AT O
results and historical results, ex ante impacts are modeled for a standard set of weather scenarios.

Enrollment forecasts are provided to scale up4estomer results to their aggregate capability.

3.1 SELECTION OF EX ANTWEATHER CONDITIONS

To produceex ante impacts under standard conditions, four weather scenarios are used to predict
reference loads and impacts for each prograrhese weather scenarios are generated to reflect

15



temperature conditions under peaking conditions for either SCE or CAIS@ average year {h-2)

and an extreme year {ih-10).Error! Reference source not foundsummarizes ex ante weather

conditions for two SCE weather statiodsiring average or exeme weather years. While the ranges
represented in this figure vary slightly from scenario to scenario-10 summer days are hotter overall
than Lin-2 summer daysTemperature profiles also vary from station to station and scenario to

scenario, with Dwntown Los Angeles reaching its daily maximum temperature earlier in the day than
the station located in the Central Valley. Ex ante weather scenarios were produced for both CAISO and
SCE average and extreme conditions for each SCE weather station gfavéirage monthly weekday, a
monthly system peak day, and for a typical August event day.

Figure2: Ex Ante Weather Conditions on SCE® and %in-10 Monthly Peak Days

1-in-2, 51: Central Valley 1-in-2, 112: Downtown LA
10
100 i Py IR Il T
o BT OO kO
80 ’_'”'_N.—.. e e L e e -
70 " :’??_’m:‘_". 2 T "h._""—-‘-‘-f_‘;“ ............................ —

Temperature

Hour

EX ANTEWEATHERTRENDUPDATE

In 2019the ex ante 4in-2 and %in-10 weather conditions were updatddr both SCE and CAISO

peaking conditions Thisdataset of standardized hourly weather conditions to be used for estimating ex
ante load impacts of Southern California Edison Co. (SCE) denempodmse (DR) programand it was

last updated in 2013elow is a comparison between the new conditions and the conditions established
in 2015Updates to these weather conditions will influence the outcome of the ex ante load impact
forecasts and shoulle taken into consideration when comparing 2019 and 2018 outcomes.

Table 3 summarizes SCE monthly peaking conditions-iorA and 1in-10 weather between the 2015
and 2019 evaluations. The table shows that during summer months conditions have incraasezhy

month except for 1in-2 peaking conditions in June. MeardWhich is the average temperature from
midnight to 5pmz 1-in-10 values in the summer have increased an average of 2.9%.
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Table3. SCE Weather Conditions Compans(°F)

SCE Monthly System Peak Meanl7

June 722 | 71.7 | 76.6 | 81.0
July 75.7 | 77.8 | 80.0 | 83.2
August 79.4 | 80.7 | 81.7 | 82.0
September | 75.8 | 80.2 | 82.3 | 83.4

Table 4 summarizes the same information as Table 3 buCfISO system peaking conditions. Overall,
summer meanl7-in-10 conditions increased by an average of 2.2%.

Table4. CAISONeather Conditions ComparisdfiF)

CAISO Monthly System Peak Meanl7

June 73.0 | 711|771 | 810
July 79.0 | 78.2 | 79.4 | 81.0
August 78.7 | 81.4 | 81.0 | 81.0
September | 78.1 | 82.3 | 82.7 | 84.1

A visual summary of theedifferencesis shown inFigure3. For summer months, especially fofid-10

AT TAEOET T Oh OEAOA xAO A 11 OEAAAAT A ET AOAAOGA EI
peak day in August, temperatures were highedime, July and September in the updated analysis.

While this graph was constructed using SBRparticipant weighted average temperatures, the same
trend holds true in general.
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Figure3: ParticipantWeighted Weather Conditions urgy Monthly Peak Day Maximum Temperature
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3.2 OVERVIEW OF EVALUAGON METHODS

The primary challenge ainimpact evaluation is the need to accurately detect changes in energy
consumption while systematically eliminating plausible alternative explanations for those changes,
including random chance. Did the dispatch of demand response resources cause a détiteasdy
demand? Or can the differences be explained by other factors? To estimate demand reductions, it is
necessary to estimate what demand patterns would have been in the absence of digphishs called
the counterfactual or reference loaét afundamental level, the ability to measure demand reductions
accurately depends on four key components:

A

18

The effect or signal sizzThe effect size is most easily understood as the percent change. It
is easier to detect large changes than it is to detaoai ones. For most DR programs, the
percentage change in demand is relatively large.

Inherent data volatility or background noigeThe more volatile the load, the more difficult

it is to detect small changes. Energy use patterns of homes with air dondits tend to be
more predictable than industrial load patterns.

The ability to filter out noise or control for volatiligzAt a fundamental level, statistical
models, baseline techniques, and control grogps matter how simple or complexare
toolsto filter out noise (or explain variation) and allow the effect or impact to be more
easily detected.

Sample/population sizg For most of the programs in question, sample sizes are irrelevant
becausedata is analyzedor the full population of participats either using AMI data or
thermostat runtime. Sample size considerations aside, it is easier to precisely estimate



average impacts for a large population than for a small population because individual
customer behavior patterns smooth out and offset ass large populations.

A key factor for many, but not all, demand response resources is the ability to dispatch the resource.
The primary interventiory demand response dispatchis introduced on some days and not on others,
making it possible to observenergy use patterns with and without demand reductions. This, in turn,
enables us to assess whether the outcopeectricity usez rises or falls with the presence or absence
of demand response dispatch instructions.

In general, there are seven main rheds for estimating demand reductions, as summarizegiror!
Reference source not found. The first four only make use of use patterns during days when DR is not
dispatched tocalculate the baseline. The latter three methods incorporate ‘8went data but also use

an external control group to establish the baseline. The control group consists of customers who are
similar to participants, experienced the same event day conditidmg are not dispatched during

events (or were not transitioned to timearying pricing). Control and participant groups should have
similar energy usage patterns when the intervention is not in place and diverge when the intervention is
in effect. The oty systematic difference between the two groups should be that one is dispatched for
events (or transitioned to timevarying prices) while the other group is not.

Table5: Methods for Demand Response Evaluation

General
Approach

Method Description

This approach relies on electricity use in the days leading up to the
event to establish the baseline. A subset of revent days in close
proximity to the event day are identified (e.g., Top 3 of 10 prior dayg

Day matching  The electricity use in each hour of the iddied days is averaged to
baseline produce a baseline. Day matching baselines are often supplemente
with corrections to calibrate the baseline to usage patterns in the hg
preceding an every usually referred to am-day or sameday

adjustments.

The process for weather matching baselines is similar tcmayching
Use nort Weathermatching except that the baseline load profile is selected from r@rent days
event days baseline with similar temperature conditions and then calibrated with ardiay
only to adjustment.
establish
the baseline

N

Regression models quantify how different observable factors such ¢
weather, hour of day, day afeek, and location influence energy use
patterns. Regression models can be informed by electricity use patt
in the day pior (day lags) and in the hours before or after an event (
or leads) and can replicate many of the elements of day and weathé
matching baselines.

Regressiommodels
(interrupted time
series)

w

Most machine learning approaches (e.g., random forest, neural
Machine learning networks, etc.) rely exclusively on n@vent day data to establish the
(w/o external  baselines. The algorithms test different model specifications and rel
controls) on a training and testing datasets (cof-sample esting) to identify
the best model and avoid overfitting.

N
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General Method Method Description

Approach

Matching is a method used to create a control group out of a pool o
nonparticipant customers. This approach relies on choosing custorr
Matched control who have very similar energy use patterns on fement days and a

groups similar demographic and geographic footprint. Themevent day data
is incorporated by either analyzing the data using a regression mod
Use non differencein-differences model, or both.
e"elm days This approach is similar to matching except that multiple controls ar
CF())rL;ItSr; 6 Synthetic control use_d and weighted according_to their pred_ictive power during a trair
group to groups period. A key advaqtage_ of this approach is that it can be used to
establish produce results for individual customers.
the baseline Participants are randomly assigned to different groups, and one gro

i OEA OAT 100116 ¢cOi OPQqQ EO xEOEE
Randomized baseline. The control group provides information about what electri
control trials use would have been the absence of DR dispatthe baseline. The
estimate is refined by netting out any differences between the two
groups on hot norevent days (differencén-differences).

Approaches that use an external control group typically provide more accurate and precise results on an
aggregate level when there are many customers (i.e., several hundred). They also make use of non
event days to establish the baseline but have the adaga of also being informed by the behavior of

the external control group during both event and nement days. Except for synthetic controls, the two
fundamental limitations to control groups have been: the limited ability to disaggregate results, and

the inability to use control groups for large, unique customers. The precision of results for control group
methods rapidly decrease when results are disaggregated, and a control group cannot be used to
estimate outcomes for individual customers (except fgnthetic controls).

Methods that rely only on no®vent days to establish the baseligesuch as individual customer
regressiong are typically more useful for more granular segmentation. Individual customer regressions
have the benefit of easily produdi impactestimates for any number of customer segments. Because
they are aggregated from the bottom up, the results from segments add up to the totals. However, the
success of individual customer regression hinges on havingavemt days comparable to ewt days.

When most of the hottest days are event days, as has been the case historically, estimating the
counterfactual requires extrapolating trends temperature ranges that were not experienced during
non-event days. This produces less accurate aisd teliable demand reduction estimates for the

hottest days when resources are needed most.

3.3 PROGRAM SPECIFIC ANAXSIS METHODS

The following section will review analysis methodology specific to each program. Regression
specifications for each evaluation cae found in AppendiS.
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BASEINTERRUPTIBLEPROGRAMSBIP)

Ex postoad impacts were estimated from regression analysis of custelaeel hourly load data, where
the equations modeled hourly load as a function of variables that control for factors affect
AT 10601 A0OOGS EIT 001 U AAT AT A 1 AOGAI 68 ")o 1T AA EIi PAAOO
estimated hourly event coefficients aass the custometevel modelsindividualcustomer regression
equations modeled hourly load as a function of several variables designed to control for factors
affectingAT 1 001 AOOGS EIT 601 U AAI AT A 1 AOGAT 6h ET Al OAET Cg

A Seasonal and hourly time patterns.§, year, month, dayof-week, and har, plus various

hour/day-type interactions);

A Weather €.g, cooling degree hours, including hespecific weather coefficients);

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

Scenarios oéx antdoad impacts are developed by combining enroliment forecasts withqestomer
reference loads and load impacts, which were developed using the results ekthestoad impact
evaluation.Because BIP events may be called in any month of the year, separate regression models
were estimated to simulate winter reference loads. This model is estimated separately from the
summerex antemodel. It differs from the summer modat two ways: it includes different weather
variables; and the month dummies relate to a different set of months.

AGRICULTURAL ANIPUMPINGINTERRUPTIBLEPROGRAMAP-)

To estimae load impactsindividual customer regressiongere estimatedwhich relate pumping

AT 1001 BPOETT xEOE OAAOGIT AT AT A xAAOEAO EAAOI 008 %A
customer would have done had they not been dispatched. The difference between this predicted load

and what was observed was the impadttbe event.

Ex ante impacts for the APprogram aresimilarlystraightforward. First, a regression model, fitting
historical consumption patterns to historical weather is estimated, then reference loads for the ex ante
1-in-2 and 1in-10 weather forecas are predicted using the same relationship. Impacts are related to
the overall switch success ragdhecause any paged switch will set the load on that circuit to essentially
0kW, the percentage of load associated with switches that are successfullyetdd is the overall ex

ante percentage reduction. As part of its switephgrade process, SCE providda: evaluation team a
switch paging success rate forecast alongside the enrollment forecast.

Because customers are no longer allowed to use prohibésturces such as batlp generators and
fuel cells toreduceload during demand response events, some legacyl A@stomers have left the
program.

SUMMERDISCOUNTPLAN PROGRAM(SDP)
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Because customers enrolled in SDP do not have a natural control gigaipst which to compare loads

on event days, one must be constructed. There are many ways to construct a control group, but the
evaluation team suggests a blocked propensity score matching process. Propensity score matching is a
data preprocessing techmjue that identifies statistically similar neparticipants for each participating
customer. It relies on a probit model that relates observed characteristics such as geography, load
shapes, industry, and size to whether a given customer has enrollediuea demand response

programz in this case, SDP. The outcome of this model is a propensity score for each participant and
nonDAOOEAEDPAT O OEAO EO OEA 1 EEAIEETT Ah CEOAT OEA A
in DR. Participants are thed i A O A E A Apartiopants With kimilar propensity scores. Effectively,
propensity score matching produces a cohort of Aoerticipants that have the same overall likelihood

to have been treated as the participant grogphe only customers that did ifact enroll in the

program. A blocked propensity score matching process performs this regression and matching
procedure for customers in each key strata separately, effectively ensuring that only participants in a
given climate zone, for example, will Ineatched with norparticipants in that same climate zone.

For SDPR and SDFC, the evaluation team, in conjunction with SCE, decided to proceed with a
matched control group relying on a stratified random sample of subsets ofpauticipants to act as
the control pool. This eliminates the need to develop a tstage matched control group, streamlining
analysis. Essentially, instead of relying on information from all possiblepaaticipants,a control
group isconstructedfrom a targeted subset of controlamdidates that have been prsecreened to
belong to sampling cells of influential variables. By oversampling large aneétognergy metering
(NEM)customers, and by allowing neparticipants to be matched multiple times to different
participants, the quaty of matchingcan be improvedompared to a random sample, while also

removing the need to do twstage matchingonallnoD AOOEAEDAT OO0 ET 3#% 6O OAOO

The key difference between ex post and ex ante is to produce weatbanalized reference loads an
impacts. There are two key steps in developing ex ante impacts. First, historical participant loads are
modeled as a function of key weather variables. Using ex ante weather forecasts provided by SCE for
both 1-in-2 and 1in-10 weather years, ex ante mence loads are predicted using the same regression
function. Second, a similar process is followed for historical demand response ingihetsmpacts are
modeled as a function of key weather variables, then the estimated model is used to predict snpact
under ex ante weather conditions.

As with ex post impacts, ex ante estimates are produced for keyssgiments of the participant

population so that they can be aggregated in different ways to account for changes in future enroliment
or program designSeparate regression models were estimated for each group. Additionally, separate
regression models were estimated for each weekday hour and each weekend hour.

The regression model used for estimating ex ante reference loads leveraged two seasonsBf SDP
participant load data on nomvent summer days. With the same regression specification that was used
to estimate 2019 ex post impacts, 2018 ex post impaase estimatedor the 2018 participant pool.

Only customers who were active through the end of tf# 9 season were included in the development
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of 2018 ex post impacts. With two seasons of performance dh&relationship between demand
reductions and weather was modeleBRather than developing separate models for each segmyerg
was the case for theeference load models discussed abaquhe segments were included as
explanatory variables in the model.

CRITICALPEAKPRICING(CPP)

AEG estimated hourlgx postioad impacts for eacemall, medium, and large customerand event

during 2019, using regression analysis of subgrteyel hourly load, weather, and event data. AEG
estimatedex postimpacts associated with Technical Assistance and Technology Incentives (TA/TI) and
Automated Demand Response (AutoDR) partigips, and for CPP patrticipants that received vs. did

not receive notification.

AEG develope@x anteload impact forecasts by combining enrollment forecasts provided by the IOUs,
and percustomer load impacts generated from the analysis of curenpostioad impact estimates.

CAPACITYBIDDINGPROGRAM(CBP)DAY-AHEAD(DA) AND DAY OF (DO))

AEG used customespecific regression models as the primary evaluation method for botrethpost
andex anteload impact analysis. Customaipecific regressions allofer granularity in the results and
can readily be used to control for variables such as weather, geography, and time, as well as for
unobservable customespecific effectsBecause the CBBvents are called only on isolated days over
the course of the progm yearand participants face identical TOU rates on all other days, a regression
modelis wellsuited to estimatingthe effect ofevents relative to usage on negvent days

The regression models capture variation in hourly customer loads as a furofte®veral primary
factors:

A Weather, using hourly weather variables such as cooling and heating degree days.

A Seasonal patterns, such as month of year, day of week, and interactions between seasonal
and other variables.

A Events, including CBP event days anents called in other DR programs

A Daily fluctuations in load unrelated to other variables, captured by an appropriate load
adjustment, which can be in an average load in the morning or evening.

s TA/Tl and AutoDR participantre customers that haveeceived technology incentives for the purchase and
installation ofload control equipment and technolog9 EAO AT AA 1 Adbilitylto alitGn@zally chirdid O
its loadduring a DR event.
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After developing a set of customepecific regression mode to estimate theex postimpacts, AEG
used the same models to predict tlex anteimpacts under the Utility and CAISGin-2 and 1in-10
weather scenarios.

SMARTENERGYPROGRAMSEP)

For ex post load impacts, DSA utilized a matched control group and regression analysis for the 2019
SEP program evaluation. The matched control group was selected through the use of proxy days and
propensity score matching and the regression analysis ipeated a simple difference in difference
model. The small differences between the participant and matched control group on proxy days were
netted off of the differences observed on event days. The program was evaluated across all customers
as well as at aegment level for a variety of categories including 4ubP, size, tariff rate, and more.

Demand Side Analytics used a differenicedifference (DiD) panel regression model to estimate the
hourly load impacts for SEP. With minor differences between teatment and matched control

group, the DID approach will net out any unobserved differences from the two groups and the resulting
coefficient will indicate the event impact. To capture the best results for each event, DSA individually
regressed each eventith its three proxy days. Every hour is separately regressed to avoid any
heteroscedastic errors. Hourly impacts are then appended to form full event impacts.

Ex ante load impacts are estimated by estimating a total of seven different reference loaskstgmn

models. One model was developed for all active participants. Separate models were developed for the
three LCAs and three regions. The regression coefficients estimated for each model run were then used
to predict average hourly demand for electrigitor the array of ex ante weather conditions. Weighted
average conditions were computed for each of the seven segments using the number of active SEP
participants mapped to each constituent weather station.

REALTIME PRICING(RTP)

RTP impacts were modeled using individual customer regressions that related price variations on a

tariff to changes in hourly consumption. The first step in performing this estimation is to determine the

prices that customers face on an RTP and otherveigglicable rate. Rates have several components

that add up to what a customer must respond to in each hdure appropriate counterfactual is the

AOOOT I AOGO AiT 1 00I POETT DAOOGAOT O 11 OEA 1T OEAOxXxEOA
the GS2 RTP tariff would otherwise be metered on the standard-Zriff.

The final matching model is identified based on enftsample metrics for bias and fit. The process
relies on splitting the dataset into training and testing data. The models are develogied the
training data and applied, ouwbf-sample, to the testing data. For each of models specified, standard
metrics for bias and goodness of éite produced The best model is identified by first narrowing the
candidate models to the three with thedst bias and then selecting the model with the highest
precision.
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variables, even for weather sensitive customers, can introduce bias in the estimatesauid b

avoided. The best model for each customer was then used to predict ex post loads on the withheld

days.

Ex ante impacts for the RTP program are straightforward. First, a regression model, fitting historical
consumption patterns to historical pricesponse and season is estimated, then reference loads for the
ex ante 1in-2 and 1in-10 weather forecasts are predicted using the same relationship.

RESIDENTIALDEFAULTTIME OFUSERATEPILOT (TOU)

Thepilot involves a randomized encouragement experimaindesign(RED) With a RED structure
involving a single rate treatment of interest (for simplicity), the study sample is randomly divided into
two groups. One group is offered the treatment and the other is not. The group offered the treatment
is referrad to as the encouraged group and the group not offered the treatment is referred to as the
control group. Some people in the encouraged group will accept the treatment and others will not.
With a RED, impacts for those who accept the treatment offer atareded through a twoestep

process. In the first step, loads by time period for the encouraged group are subtracted from loads for
the control group. As stated above, the encouraged group includes both those who accept the
encouragement (that is, those whenroll on the new rate) and those who do not. The estimated load
impact based on these two groups of customers is referred to as the intettidreat (ITT) effect. In

the second analysis step, the ITT estimate is divided by the percent of the encouyamanl who take

up the treatment offer. This value represents the impact for those who took the treatment (referred to
as the impact of the treatment on the treated).

For the pilot, the first stage ITT impact was estimated using what is called a diffefiardifferences

i SE$SQqQ AT AT UOGEO8 4EEO I AOET A AOOEI AGAO EiIi PAAOO AU
EFEOOO OOACAn OEA AT AT OOACAA AOOOI 1 AOGSE 11T AAOGQ £AEOI
after the treatments are in placand subtracts from this value the difference in loads between

treatment and control customers for the same time period in the pretreatment period. Subtracting any
difference between treatment and control customers prior to the treatment going into effeljtists

for any difference between the two groups that might occur due to random chance.

The DiD calculation can be done arithmetically using simple averages or can be done using regression
analysis. Customer fixed effects regression analysis allows €2cb®1 | AO86 O I AAT OOACA OIi
separately, which reduces the standard error of the impact estimates without changing their

magnitude. Additionally, regression software allows for tbeculation of standard errors, confidence

intervals, and significaretests for load impact estimates thabrrectly account for the correlation
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in customer loads over timé& Implementing a DiD through simple arithmetic would yield the same
point estimate but it would not generate confidence intervals.

A typical regressin specification for estimating impacts is shown below:

Qay, | 100AAH6T OO OOAAGDPIVOOG-
In the above equation, the variable 7j equals electricity usage during the time period of interest,
which might be each hour of the day, peak or-p#ak periods, daily usage or some other period. The
index i refers to customers and the index t refers to the time period of interest. The dsigr@database
would contain electricity usage data during both the pretreatment and ginsatment periods for both
treatment (encouraged) and control group customers. The variable treat is equal to 1 for treatment
customers and for control customers, wite the variable post is equal to 1 for days after the TOU rate
has beerimplemented and a value of 0 for days during the pretreatment period. The treat post term is
theET OAOAAQEITT 1T &£ OOAAO AT A P-inGifferedcésksnatroftha T A £EFEAEAT
OOCAAOGI AT O AEEAAO OEAO 1 AEAO OOA 1T £# OEA DPOAOOAAOGI A
which provides the estimated demand impact during the relevant period. The pararieterequal to
mean usage for each customer for the relevéime period (e.g., hourly, peak period, etc.). TBgerm
isthe customer fixed effects variable that controls for unobserved factors that are-timariant and
unigque to each customer.

Customer attrition is an important factor to address in the laagbact analysis. Customer attrition

stems from four factors; customers who move (referred to as churn); customers who become ineligible
after enrolling in the pilot; customers who opted out before the pilot began, and customers who
dropped off the rate afer enrollment because they were unhappy being on the TOU rate. Customer
churn and changes in eligibility should be the same for both treatment and control customers. As such,
dropping customers from both treatment and control groups due to churn and chaungeligibility

does not introduce selection effects.

Estimates for customer segments and climate regions are developed by first partitioning the treatment
and control groups into samples for each climate region and/or customer segment of interestemd th
applying the analysis method outlined above to the partitioned data.

lOMore accurately, they account for the correlation in regreaséerrors within customers over time.
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4 EX POST LOAD IMPACESTIMATES

This section summarizes load impacts for events that occurred in the summer of 2048 through
October). Events were calledccording to dispatch dgria, program rules, and weather condition&s
discussed above, ex post impacts were estimated using a variety of methods.

4.1 SUMMARY OF 2019 EVERN5

Error! Reference source not foundshows the frequencytime, and duration of each dispatchable
demand response program during the summer of 2019. Note that becaaiber Real Time Pricing

nor Residential Time of Use rates are dispatchable, they are not included in this table. In some cases,
multiple dispatches were called in a single day; these are denoted with asterisks and the hour ranges
represent the widest duration of event houwll times are denoted in hoeending convention.

The CBP programs were called the most often, followed by SEP and CPP. As expected for emergency
programs, the AH and BIP programs were only called once during the summer, for M&V purposes, but
on the system peaklay (September %). The two CBP programs were often called on the same days,

but not consistently so.

Table6: Dispatch Times by Program

Date AP-I BIP-15 BIP-30 SDP CPP CBP-DA CBP-DO SEP ‘
6/11/2019 19-19 19-19
6/12/2019 19-19 19-19
7/12/2019 17-21
7/15/2019 17-21
7/16/2019 17-21
7/23/2019 18-19* |18-19*
7/24/2019 17-19 19-19 19-19 19-20
7/25/2019 18-19* |18-19*
8/5/2019 19-19
8/6/2019 19-19 19-19
8/13/2019 18 - 20 18-21
8/14/2019 19-20 |17-21 |19-19 19-19 18-21
8/15/2019 19-20 |17-21 |19-19 19-19 18-21
8/21/2019 19 - 20*
8/22/2019 17-21
8/23/2019 17-21
8/26/2019 19-19 19-20
8/27/2019 17-21 119-19 19-19 19-20
8/28/2019 19-19 19-19 19-20
9/3/2019 19-19 19-20
9/4/2019 116-19 | 16-19 | 16-19 | 18-20 17-19* |17-19* |18-21
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Date AP-I| BIP-15 BIP-30 SDP CPP CBP-DA CBP-DO SEP ‘

9/5/2019 18-20 |17-21 |15-19* |15-19* [18-21
9/6/2019 19-20* |17-21 [18-19* | 18-19*
9/9/2019 18 -19
9/12/2019 17-21 [ 19-19 19-19 19-19
9/13/2019 19-19 |17-21 19 -20
9/24/2019 14 - 20* 18 - 20*
9/25/2019 19 - 20*
10/7/2019 19-19
10/8/2019 19-19 19-19
10/14/2019 19-19
10/15/2019 19-19 19-19
10/16/2019 18 - 20* 19-19 19-19 14 - 17
10/21/2019 19-19 18-19 19 - 20*
10/22/2019 18-19 18-19 19-20
10/23/2019 19-19

Table7summarizeghe ex post impacts for the average event for each dispatchable program in

PY2019. The largest impacts came from BIP and-8D®hich providedpproximately 538MW and

151MW, respectively. Of course, these programs couldoeatnore different; BIP enrolié84 customers

that each provideover 1MWduring an event, while the average SthPcustomer provides 0.74kW but

with over 200,000 participants. BIP customers also deliver the highest percentage load reduction

around 78%, compared to other programs. Some programs shown belpAP-1 and BlIFfor examplez

had dispatch that did not start and end on the hour, meaning that the first and last hours of the event

were perturbed with norevent loadsTherefore, Table #eportsonly ful event hours in the average ex
postimpacts! AAEOET 1 A1 ET &I Oi AGET 1T AAT AA &£ 61 A ET OEA
provide further context on the performance of each program over the summer of 2019.
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Table7: Average Event Day Program Ex Post Impacts

0,
Pr%%:m Program Type (E\?J) (Ck)\t/)\f) (II:?/\F/)) Irgop (II\;InVE)/) Enrolled
AP-I| Avg. (17 - 18) 3491| 9.72| 2519 72 23.7 941
2,638.5

BIP15* Avg. (17 - 19) | 3,082.24 | 443.73 1 86| 131.93 52

BIP30** Avg. (17 -19) | 1,236.89 | 291.60 | 945.29 76 | 405.53 432

Supply CBP DA Avg. (19 - 19) 86.73| 76.43| 10.30 12 2.70 262
glr?)Zrams CBP DO Avg. (19-19) | 132.91|117.09| 15.82| 12 2.39 151
SDP-C Avg. (18 - 20) 26.36 | 24.32 2.04 8 17.78 8,695

SDP-R Avg. (18 - 20) 2.55 1.81 0.74 29| 150.68 | 204,529

SEP Avg. (19 - 20) 2.48 1.74 0.74 30 38.70 | 52,129

SEP Avg. (18 - 21) 2.50 1.97 0.53 21 27.61| 52,239

Load CPP Large Avg. (17 -21) 194.01 | 190.82 3.19 2 7.03 2,201
Modifying | CPP Medium | Avg. (17 - 21) 24.65| 24.69 -0.04 0 -1.41 | 34,963
Programs | cpp small Avg. (17 - 21) 1.45 1.45 0.00 0 -0.74 | 235,219

* 50 out of 52 enrolled customers called on event day
** 429 out of 432 enrolled customers called on event day

Both the RTP program anesidentialTOU pilot have demand response in effect each day: they are not
dispatchable for a given event day. Nevertheless, they do provide impacts during peak periods as

reported inTable8. RTP is capable of providing substantial load reductions when customers are
OOAEAAOAA O O(1 0 30i1 A0 7TARAEAAUS dmalbikdigdisicant EA OAO
impacts during the 4pr®pm window, which in aggreste can providédetween 0.8 and 5.6MW of load

reduction during summer peak periods.

29



Table8: Peak Period Impacts for Monthly Peak Days for NRispatchable Programs

Ref Obs Imp % Imp

Program  Month Detail (W) (KW) (kW) Imp  (MW) Enrolled
Jan Low Cost Winter Weekday | 226.6 | 223.5 3.1 1.4 0.3 104
Feb Low Cost Winter Weekday | 226.0 | 222.9 3.1 1.4 0.3 104
Mar Low Cost Winter Weekday | 219.9 | 218.4 1.4 0.7 0.1 104
Apr Low Cost Winter Weekday | 234.1 | 236.0 -19| -0.8 -0.2 106
May Low Cost Winter Weekday | 527.9 | 518.1 9.8 1.8 1.0 98
Jun Hot Summer Weekday | 472.0 | 331.4 | 140.7 | 29.8 13.8 98
RTP Jul Hot Summer Weekday | 476.6 | 328.2 | 148.5| 31.1 15.0 101
Aug Moderate Summer Weekday | 467.7 | 460.4 7.2 1.6 0.7 102
Sep Hot Summer Weekday | 455.7 | 315.3 | 140.3 | 30.8 14.3 102
Oct High Cost Winter Weekday | 530.4 | 520.2 | 10.2 1.9 1.0 100
Nov Low Cost Winter Weekday | 244.1 | 242.6 15 0.6 0.2 109
Dec Low Cost Winter Weekday | 221.8 | 218.7 3.1 1.4 0.3 105
Jun Rate4| 156| 155| 0.00| 0.3 0.8 170,321
Jun Rate5| 1.59| 1.57| 0.02 15 4.1 170,186
Jul Rate4 | 1.86| 1.84| 0.02 1.2 3.9 168,766
Res Jul Rate5| 1.89| 1.86| 0.03 1.8 5.6 168,748
TOU Aug Rate4| 1.70| 1.69| 0.02] 1.0 2.9 167,382
Aug Rate5| 1.74| 1.71| 0.03 1.7 4.9 167,312
Sep Rate4| 191| 1.88| 0.03 15 4.9 166,183
Sep Rate5| 1.89| 1.86]| 0.03 1.7 5.4 166,128

4.2 CHANGESCOMPARED TO PRIORMVALUATION YEAR

BASEINTERRUPTIBLIPROGRAMSBIP)

Only one BIP event was called in each year: September 27, 2018; and September 4, 2019. Both events
were called during the hours 3:20 to 7 p.m.; though resaréssummarizeaver the event window of 4
to 7 p.m.

There were 484 enrolled and 479 called custosnduring the PY2019 event day (five customers were
exempt). The enrollment decreased from 545 customers in PY2018. The aggregate reference loads and
load impacts also decreased during PY2019. There are a number of contributing factors that result in
the PY2019 load impact decreasing by 106 MW (643 MW minus 537Rifi8Y)there were 73 customers

that de-enrolled from BIP that contributed 26 MW to the load impact during PY2018. Second, there
were five enrolled customers but exempt from the PY2019 evengs€lfive customers provided a
combined-(of load impact in PY2018. Third, the load impact decreased by 15 MW for customers that
remained on the program during both years; however, their reference loads were also 13 MW lower in
PY2019. Additionally, thelFSL increased from 70 to 87 MW. Fourth, there were 12 newly enrolled
customers that had akPY2019 load impact.
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AGRICULTURAL ANIFPUMPINGINTERRUPTIBLEPROGRAMAP-I)

Last year, 1,121 customers participated in onel&Rent on September 27, 2018 frompm to 7pm. The
average reference load was 37.6kW and an impact of 82% yielded 34.6M30.9kW per customer
However, 2018 impacts for customers who remained active ifl IAR2R019were smaller on average,
than those who left. The reference load for custers who remained on the program wasly 29kW
during the 2018 event. Because of this, qoeiIstomer impacts weralsosmaller (22.7kW compared to
30.9kW) despite similar percentage impacts.

Viewed in this context, AR performed relatively well in 2019h& customers who provided 22.7kW
impacts last year increased their peustomer impact in 2019, to 2ZkW, driven by substantially higher
reference loadsHigher reference loads could be driven by hotter temperatures or seasonal variation in
pumping Despite a lower percent impa¢?2.2% in 2019 vs 79.7% in 2018 same population of
participants delivered 23.7MW of load reduction compared to 21.4MW in the prior year.

SUMMERDISCOUNTPLAN PROGRAM(SDP)

For the residential program:

A The number of evet hours in 2018 far exceeded the number of events hours in 2019 (52 to 31).
Many of the 2018 events targeted specific load control grougsle most of the 2019 events
dispatched the majority of load control groups at the same time.

A There was a greatemange in temperature conditions in 201Barticipant weighted
temperatures ranged from the mi60s to over 100 degrees during 2018 events. During 2019
events, the range gbarticipant weightedtemperatures was considerably narrowgfrom
about 80 degreesa 95 degrees.

A Though not readily apparent in the figure, the slope of the linear trend was slightly steeper in
2019 than in 2018. The slope was3D@&W per degree in 2019 and 0.046 kW per degree in
2018. The confidence intervals for these two slope valoeerlap, si cannotbe concluded
that there is a statistically significant difference between 2018 and 2019.

A Percent impacts are nearly identical between the two program years. In 2018, the average
percent impact was 27.2% (weighted by the number aé@unts curtailed). When just looking
at 2018 percent impacts for weather conditions similar to 2019 events, the average percent
impact was 28.6%. The average for 2019 events was 28.1%.

For the commercial programhte key takeaways are similar to the SIBPtakeaways:

A There were considerably more events in 2018

A There was &@roader range in temperature conditions during 2018 SDMPR events.

A The relationship betwen load impacts and weather (represented by the trend [ness
stronger in 2019 than in 2@. The slope was 0.08 2019 and A2in 2018. (Recall that these
slopes represent the expected increase in the-participant reduction for every ondegree
increase in temperature.) The confidence intervals for these two slope values overliap, so
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cannot be concludel that there is a statistically significant difference between the 2018 and
2019 slopes.

CRITICALPEAKPRICING(CPP)

#1 1 PAOET ¢ GHEXD WAEATDS -Goshihdbe idd Aebréndeln eArd@iment across the large
group, and a dramatic increase in enroliment in the small and medium grolipsre is als@ slight
decrease in impacts in all groups, both in aggregate and at the per customer level.

CAPACITYBIDDINGPROGRAM(CEP)

For bothCBP Day Ahea(DA)and Day O{DO), there aresimilar participation and percent impacts in
PY2019 compared to PY2018. However, there was a change in customer makeup with the DA program
showing higher enrollment and being primarily made up ofadler retail stores in PY2019. This resulted

in lower percustomer impacts (10.3 kW), but higher aggregate impacts (2.7 MW) compared to PY2018.
The DO program did not experience such a significant change in the program population, but does
show lower impats, on average, due to the October response delivesyies This resulted in lower
per-customer impacts (15.8 kW) and, accordingly, lower aggregate impacts (2.4 MW) compared to
PY2018.

SMARTENERGYPROGRAMSEP)

SEP 2019 events were called later in the day than 2018 events. Peak temperature during the average
event days falls between 2pm and 5pm and the events typically started at 5pm or 6pm. In 2017 and
2018, average event hours included the 28pm window, whictis concurrent with the peak

temperature of the day. AC load tends to lag behind temperature due to heat buildup and occupancy,
suggesting that an event window following the peak temperature of the day may better capture the
peak AC usage windowlotice that on an average event day, the averageent temperatures are

about8 degrees lower than the daily max. However, despite the window shift, average 2019 event
temperatures fall between the 2017 and 2018 event temperatures.

The overall SEP population greamly slightly from 2018 to 2019, but participants are more

concentrated in warmer areas of SCE territory wtbmmunity Choice AggregatiorCCA attrition in

milder areas backfilled by new enrollments in warmer areas. The customer counts vary by event
window because the counts are a weighted average of the events that make up the average event day
and customer participation is different for every event.

The average reference load is larger in 2019 for both the four hour and two hour event windows. The
loadimpacts are larger in 2019 (0.53kW and 0.74 kW) than in 2018 (0.42 kW) and the four hour event
window is smaller than the 2017 average load impact (0.64kW). For the four hour event windows, 2019
exhibited the smallest percent impact of all three years, the highest reference loads. Readers

should be cautious comparing average impacts from the 6gpm events in 2019 with prior years

because SEP impacts are largest during the first two hours of dispatch.
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REAL TIME PRICINGPROGRAM(RTP)

As discussed abovd i | PAOEOI 10 OI OEA DPOET O UAAOGO OAOOI OO A
magnitude of the changes to the RTP raRecause RTP day type dispatch criteria changed, simply

AT T PAOET ¢ PAOAI O ATAA 11 O(1T O 3001 AOberapplopriatd UOS AA
Table9 summarizes the difference in day type definition between the old and new rate regimes. The

three columns on the left show the number of day types reported under the definitions that applied at

the time z for example the 2018 event days used the day typénitions that were in use in 2018. The

right three columns show what the day type frequency would have been had the day type definitions

never been updated. The primary columns to focus on are the PY2019 counts for both the old and new
definitions.

Table9: Distribution of Event Types by Method

Using Contemporary Using Consistent (Old)

Definitions Definitions
Day Type PY2017 PY2018 PY2019 PY2017 PY2018 PY2019
Extremely Hot Summer Weekda 3 6 3 6 7
Very Hot Summer Weekday 8 4 8 4 8
Hot Summer Weekday 22 25 10 22 25 23
Moderate Summer Weekday 25 18 43 25 18 15
Mild Summer Weekday 23 28 27 23 28 27
High Cost Winter Weekday 9 2 5 9 2 5
Low Cost Winter Weekday 161 168 165 161 168 165
High Cost Weekend 25 20 15 25 20 15
LowCost Weekend 47 52 58 47 52 58

A few things are clear from this table. First, there were some days hot enough in 2019 such that they

xI 01 A EAOA AAAT A1 1 OEAAOAA AEOGEAO O%@OOAI AT U (160
categories not been eliminated. Second, because of the shilkME OAOEA &£ O O(1 686 AT A
summer weekdays between the two rate regimes, the relative frequency of these two day types shift
between the two categorization methods.

Qu

Nevertheless, the impact of the change in RTP rates on program impaats invesigated. Using the
2019 model specification resultgere producedor the 2019 summer assuming that the historic tariffs
applied. Similar, though not identical, results were found for the expected RTP rates, with the biggest
differences in predicted loadming in hours 14L6. This is consistent with the change in RTP peak
period from 1pm6pm to 4pm9pm. TheOtherwise Applicable TariflAT) reference loads changed
moderately, with increasing loads occurring earlier in the afternoon coincident with theexdd

periods. However as always, the RTP day type for a given day has a much larger impact on program
impacts than any other program change.
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5 EX ANTE LOAD IMPACESTIMATES

As described in the methodology section, ex ante impacts are a combination of $éweuds; including

the ex post impacts, enrollment forecasts, and expected weather conditions. While more detail on each

I £/ OEAOA O1I PEAO AAT AA &I OT A ET OEA OAOPAAOEOA DO
key results that formthe bdsO 1T &£ 3 # %06 O AAI[ AThi resulfs @epdrtéddhAhis BelctiorO £1 1 ET
represent average resource adequacy window impgatdat the program could deliver from 4pm to

9pm yearround. Inall casesa simple average of the 4p8pm hours is used to compute this value.

Unless otherwise noted in this report, all results are reported at the portfolio level. This method avoids
double counting program impacts for customers who may be enrolled in twoaerdemand response
DOi COAi 08 ' O A OAOOI Oh OEA OAlI OAO AAT AA OOI T AA O
given set of weatheranditions and event day types. In a fairly significant change from prior years, the
amount of observed dual enrollemt isminimal across programs, due to a decistéfiom the CPUC

that prohibited new dual enroliment between CPP to any of CBP, BIR, BIPSDP for customers.

Legacy dualenroliment is still permittedResidential customers similarly can only be enroiledther

SDP or SERNhen assigning impact credit for dually enrolled customdns, loadimpacts of the

second program are attributable to the emergency progragrBIP or AP. A key question for future

years is the extent to which the default TOU rateteract with SDP and SEP programs for residential
customers. Some differences were found in SDP and SEP impacts for customers on flat or dynamic
pricing, however these cannot yet be attributed to the difference in tariff due to the design of the pilot.
See the SEP evaluation report for fuller treatment of this topic.

A summary of ex ante enrollments is shoumrError! Reference source not found.In generaltotal

portfolio program enrollment is projected to increase, drivenebgiefault of residential customers on to
TOU ratesJarge increases in the SEP program and to a smaller extent, the CPP programs. Legacy AC
cycling programs such as SEPand SDFC will decline osr time, while the emergency prograngsAP-

| and BIR will remain relatively flat.

1 Decision D1811-029
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Table10: SCE DR Portfolio Projected Enroliments for 2€28XB0 by Program

Type Program 2020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030
AP-| 935 910 910 910 910 910 910 910 910 910 910
BIP15 53 49 49 49 49 49 49 49 49 49 49
BIP30 411 403 403 403 403 403 403 403 403 403 403
Suon) CBP DA 384 384 384 384 384 384 384 384 384 384 384
u
S%%y CBP DO 233 233 233 233 233 233 233 233 233 233 233
Programs | gpp-C 8,092 7,182 6,376 5,667 5,043 4,493 4,008 3,580 3,201 2,866 2,569
SDP-R 207,072 | 187,929 | 177,512 | 169,151 | 161,464 | 154,381 | 147,838 | 141,778 | 136,151 | 130,908 | 126,010
SEP 60,249 77,971 93,863 111,367 | 128,338 | 143,327 | 156,565 & 168,257 | 178,584 | 187,704 | 195,759
Subtotal | 277,429 | 275,061 | 279,730 | 288,164 | 296,824 | 304,180 | 310,390 | 315594 | 319,915 | 323,457 | 326,317
CPP Large | 2,491 2,636 2,781 2,926 3,071 3,216 3,361 3,506 3,651 3,796 3,941
CPP 30,272 32,012 33,752 35,492 37,232 38,972 40,712 42,452 44,192 45,932 47,672
Load Medium
I'\D"r%‘;'gmg CPP Small | 219,658 | 232,273 | 244,888 | 257,503 | 270,118 | 282,733 | 295348 | 307,963 | 320,578 | 333,193 | 345,808
RTP 79 73 66 60 54 54 54 54 54 54 54
Subtotal | 252,500 @ 266,994 | 281,487 | 295981 | 310,475 | 324,975 | 339,475 | 353,975 | 368,475 | 382,975 | 397,475
ot ReST'%eS“a' 246,710 | 469,464 | 2,232,619 | 2,222,025 | 2,212,635 | 2,204,312 | 2,196,934 | 2,190,395 | 2,184,598 2,179,460 2,174,906
1[0] 53
Subtotal | 246,710 | 469,464 | 2,232,619 | 2,222,025 | 2,212,635 | 2,204,312 | 2,196,934 | 2,190,395 | 2,184,598 | 2,179,460 | 2,174,906
Total Total 776,639 | 1,011,519 | 2,793,836 | 2,806,170 | 2,819,934 | 2,833,467 | 2,846,799 @ 2,859,964 | 2,872,988 | 2,885,892 2,898,698
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5.1 PROJECTED CHANGE IRORTFOLIO LOAD IMPATS FROM 2020 TO
2030

Error! Reference source not foundshowshow the enroliment forecast affects aggregate portfolio
impacts going forward. Impacts remain quite steady over tiafeer reaching a stedy state in
approximately 2023While this forecasappears to be quite stable, it is masking a substantial change in
the two residential programs. As shownTiable § SEP enrollments are forecastto increase quite
dramatically over time, while SDR enroliments wane. In effect, the growth in one program will offset
the decline in the other. Because both are residential AC programs, they have very similar load
reduction potential, so the substitudin over time nets out to no changé&able 8also forecasts a large
increase in CPES enrollments. This large increase is expected to have verythtti® impacton load
reduction. HistoricallyCPP Shas had little to no impacflablel1shows the same results from the
figure in tabular format.

Figure4: SCE Portfolio August Monthly Peak Day Load Impacts
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BE SCE1in10 == SCE1in2

Tablell Portfolio August Peak Day Impacts by Weather Year and Forecast Year

Weather 5020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

SCE 1in-2 831.3| 811.0 | 859.6 | 859.9 | 860.7 | 861.3 | 861.6 | 861.8  861.7  861.4 | 861.1
SCE 1n-10 | 874.7 | 853.9 | 910.8 | 911.2 | 912.0 | 912.6 | 912.9 | 9129 | 912.7 | 912.3| 9119

Year

5.2 2020PORTFOLIO AGGREGATIEOAD IMPACTS BY MOWH

Unsurprisingly, impactslelivered by the portfolio of programs varies throughout the year, peaking in
the summer months. This is shownkmror! Reference source not found. In all cases, loathpacts are
higher in the SCE-ih-10 scenario than the-th-2 SCE scenario, with a more sustained and hotter
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summer overall observed undefid-10 conditions. Weathesensitive residential AC cycling and

thermostat programs can only deliver load reductions during periods of cooling which contributes to

the peak observed inthe JuAD OAT AAO 111 OEO8 (1 xAOAORh OEA 1 AEIT OF
from the BIP program, which is able to be dispatched any time of the year. BIP customers ardytypical

large customers with industrial processes that dominate any cooling loads that they have, meaning that
seasonal changes other than temperature tend tétience the amount of load shed availabie.

shows the results of the figure in tabular format.

SCE2020Portfolio AggregateEx AnteLoad Impacts by Month
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2020 Portfolio Impacts by Monthly Peak Day

Weather Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Year

SCE 1in-2 | 576.7| 613.4| 580.9| 675.9) 667.9| 724.0) 791.9| 831.3| 839.0| 723.3| 674.9| 567.8
SCE 1in-10 | 576.8| 671.5| 660.0 | 733.2| 793.5| 876.3| 916.5 874.7 887.9| 831.0| 737.4| 568.6

5.3 PORTFOLIO LOAD IMPATS BY PROGRAM TYPE

Error! Reference source not foundshows the components of portfolio load impacts on an August

monthly peak day under SCEii-2 condiions for both 2020 and 2030. both years, the vast majority

of load impacts are provided by supply side programs including BIP and SDP. However, with the default

I £ Al OAOGEAAT OEAI AOQOOT T AOO 11 O 4/5 OAOAOh ¢
residential TOU cusmers in 2030.
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Figure6: 2020 & 2030 Portfolio Impacts on August SEAR-2 Peak Day by Program Type

2020 2030

Bm Supply Side Programs B Load Modifying Programs = Pilots

This result can be seen more clearly when looking at the same resikébrdown by program, not
type, asin Error! Reference source not found.ARI, BIR15 and BIFB0 remain relatively stablover

the elevenyear horizon, while SDIR declines and is substituted neatlyl for SEP portfolio impacts.
Thegrowth associated with theesidentialdefault TOU pilot can also be clearly seen when comparing
across the two years.

Figure7: 2020 & 2030 Portfolio Impacts on August S@B-2 Peak Day by Program
[Image redacted to protectconfidential information]

Table 9shows a snapshot of one year of the ex ante forecast on SG2 Monthly Peak DaysThese
results corroborate the results shownfmror! Reference source not found.While the BIP program
can deliver consistent load impacts at any time of the year, the residential AC cyclingemadostat

programs only truly provide load reductions during times of the year when there is cooling load.
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Table13 Ex Ante Impacts2020 Portfolio SCE-ih-2

Type Program Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
AP-| 9.1 8.8 123 | 198 | 222 | 276 | 27.8 | 281 | 265 | 216 | 143 9.4
BIP15 156.4 | 169.3 | 156.5 | 169.5|178.2 | 180.7 | 180.3 | 181.9 | 181.6 | 180.7 | 187.3 | 165.5
BIP30 381.0 | 405.6 | 379.4 | 395.7 | 381.3 | 389.8 | 367.0 | 382.6 | 385.8 | 376.0 | 384.1 | 361.3
Supply CBPDA | 199 | 19.9 | 19.9 | 19.9 19.9 | 19.9
Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7
Programs SDPC 0.0 0.0 3.0 144 | 151 | 154 | 20.7 | 209 | 223 | 183 | 131 0.0
SDPR 0.0 0.0 0.0 | 36.7 | 416 | 75.7 | 147.0 | 165.7 | 169.8| 86.6 | 31.8 | 0.0
SEP 0.0 0.0 0.0 9.2 116 | 151 | 27.7 | 299 | 298 | 194 | 12.2 0.0
Subtotal | 567.1 | 604.2 | 571.8 | 665.8 | 657.7 | 711.8 | 778.2 | 816.7 | 823.4 | 710.3 | 663.4 | 556.8
CPP Large | 7.2 7.2 7.3 7.9 8.0 7.8 7.7 7.8 7.8 8.3 7.5 7.2
CPP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Load .
Modifying Medium
Programs CPP Small | 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
RTP 0.1 0.1 0.3 0.4 0.3 0.8 -0.0 -0.2 -0.4 0.3 0.1 0.0
Subtotal 7.4 7.3 7.6 8.3 8.4 8.6 7.7 7.6 7.4 8.6 7.5 7.2
Residential | 2.2 1.9 15 1.8 1.9 3.6 6.0 7.0 8.1 4.4 4.0 3.8
Pilots TOU
Subtotal 2.2 1.9 15 1.8 1.9 3.6 6.0 7.0 8.1 4.4 4.0 3.8
Total Total 576.7 | 613.4 | 580.9 | 675.9 | 667.9 | 724.0 | 791.9 | 831.3 | 839.0 | 723.3 | 674.9 | 567.8

5.4 CHANGES COMPARED TPRIOR EVALUATION EAR

BASEINTERRUPTIBLEPROGRAMSBIP)

The enrollments numbers decreased by 16 customers between the previous and current studies.

Similarly, the aggregate reference load decreased 49 N ENNNNOUTOOOOOBBEEE X X X
XOOOHXIXXHXILIHXXHXIXXHXIIHXXHIOHXXXXIXXXXXX X S
RN v < xgregate load impact decreased

by 3 MW in the currenex-anteanalysis, which is a result of the lower reference loaials an increase
of 18 MW to the FSL. The percentage load impacts are similar; however, theuptrmer reference
loads and load impacts are slightly smaller in the current study.

AGRICULTURAL ANIPUMPINGINTERRUPTIBLEPROGRAMAP-|)

Compared to PY2018 dbh customer enroliments and paging success rates were lower in the first years
I £ OEA &I OAAAOGO8 YT wowyw AT A AAUI T AR OEA &I OAAAOO
than that of PY2019 bud 9 W Xi 6 O AT OI ItHan that oDPY2OS Olfese effe Gdio Add
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entirely cancel each other ophigherex ante impactsvere reportedin PY2018han PY2019 because
the PY201&valuation had higher pecustomer reference loads for each month

SUMMERDISCOUNTPLAN PROGRAM(SDP)

For the residenal program,Tablel4shows a comparison of 2018 and 2@&kSanteimpacts for the two
different weather scenarios. All impacts represent monthly peak impact estimated SCE weather
conditions are used. In magmuitle and direction, the 2018 and 2019 impacts are similaough not

shown in the table, the confidence intervals for the 2018 results and 2019 results overlap, suggesting
the differences are not statistically significant.

Still, differences do exist. Thdifferences can be attributed to a fefactors. One of the main factors is

the ex ante weather conditions, which were updated in 2019, and the new data is about one degree
cooler for the 1in-2 August monthly peak conditions. Changing the weather condgishould (and

does) result in different ex ante impacts. Other key differences include: lower enrollments, differences
in the customer mix, differences in which historical ex post impacts are used in developing the ex ante
impacts, differences in how ex pbimpacts are calculated, and differences in ex ante regression model
specificationst?

Table14: Comparison of SDIR Ex Ante Impacts

2018 Ex Ante Impacts (kW) 2019 Ex Ante Impacts (kW)
1-in-2 1-in-10 1-in-2 1-in-10
June 0.55 0.77 0.37 0.94
July 0.72 0.91 0.71 1.14
August 0.85 0.99 0.80 0.95
September 0.69 0.95 0.82 0.99

For the commercial prograni,able15shows a comparison of 2018 and 2@kanteimpacts for the
two different weather scenarios he impacts are shown at the participant level rather than at the
device level because the 2018 ex ante tables did not include per device impthatspacts represent
monthly peak impact estimates, and SCE weather conditions are used. In magnitud€)18erdpacts

12See the appendix for a full comparison.

BLike the prior evaluation, our ex post evaluation relied on a differeinedifferences framework. The 2018 ex post model

relied mainly on preevent lcad variables. The 2019 approach leveraged onegwent load term, but also a weather variable

and time variables. Regarding ex ante model specifications, there were several differences. One key distinction in the 2019 e
ante reference load approach wasetinclusion of a temperature spline. This was included to capture the effect of temperature
on load at different temperature ranges (e.g., increasing the temperature from 65 to 70 does not have the same effect on load
as increasing the temperature from 80 85).
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arelarger. Though not shown in the table, the confidence intervals for the 2018 results and 2019 results
overlap, suggesting the differences are not statistically significant.

The differences calikely be attributed to a few factors. One of the main factorstie ex ante weather
conditionswere updated in 201%econd, additional noiperforming sites were removed from the
program in 2019. Such a change would necessarily result in higher average irppapisticipant.
Other key differences include: differences in the customer mix, differences in which histexigalst
impacts are used in developing tles anteimpacts, differences in howx postimpacts are calculated,
and differences imx anteregression model specifications.

Table1l5 Comparison of SDE Ex Ante Impacts

2018 Ex Ante Impacts (kW) 2019 Ex Ante Impacts (kW)
1-in-2 1-in-10 1-in-2 1-in-10
June 1.40 1.75 1.90 2.99
July 1.67 1.99 2.56 3.56
August 1.93 2.13 2.58 2.95
September 1.66 2.12 2.76 3.12

CRITICALPEAKPRICING(CPP)

Differences between the current eante and the previous eante are driven largely by changes in the
enrollment forecast and the realized gost impacts resulting from both the default schedule and
changes in the event window.

CAPACITYBIDDINGPROGRAM(CBP)

As mentioned above, PY2018-exte impact estimates assumes the SCE dispatch window ieimg
the same through PY2020. ¢hange in the dispatch window to 3 B\ PM to be effective in summer

of PY2020vas approved. Consequenty i OO }
XOOOHXIXXHXIILIHXIHIIHXXH XXX XIIHXXH XXX X
XOOXIRXIHXIXHRX KKK XX IHKXIH XX IIH XK XIHKIXHX XXX XXX X X S
OO IXXIOHXXHRKXIHIIHXEXIRKXIHXIHKEXHHIIHIIHXEXXIHXXIHXKXHXXXX XXX X

SMARTENERGYPROGRAMSEP)

The 20D average ex ante impacts across the RA window are smaller than the PY2018 average ex ante
impacts on both an absolute and percent basis. However, the PY2019 reference loads are slightly
higher.

140n March 11, the CPUC approved SCE Advice LetterB181ich proposed a changes to the CBP dispatch
window.
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While both sets of ex ante results show the largest impactrdythe first event hour with decaying
impacts each subsequent hour, the PY2019 ex ante impacts show a steeper decline in impacts across
the event than the PY2018 impacts. Opt outs are a potential explanation for the steeper decline. One
hypothesis is thaparticipants are more likely to be home and eqit of an SEP in the evening

(PY2019) than an SEP event in the afternoon (PY201#) PY2020 impact evaluation will explore the
possibility of collecting devicéevel opt out data from the thermostat proders for analysis.

The lower average kW impact per participant may be a function of methodology. In the PY2018
analysis, the evaluator was required to predict ex ante impacts for the new RA window using historic
performance data from events dispatched frapm to 6pm. Air conditioning load typicallpakes up a
larger share of premise load during the afternoon hours than in the evening when temperatures are
cooling off and more endises within the home are activated.

The weighted average temperaturesross the SEP participant population vary between the PY2019
and PY2018 ex ante analyses. The direction of the change varies by planning condition. These
differences are due to two factors.

Updated ex ante weather conditions for SCE and CAISO were uskd RY2019 analysis.

Turnover in the SEP participant population. The loss of participants from CCAs was offset

by new enrollments in different areas of SCE territory. This changes the weights of each

x AAOEAO OOAOET 180 OAAT OAdditids. OEA Al i T OEOA 3

A
A

REAL TIME PRICINGPROGRAMRTP)

As with the ex post analysis, comparisons between the PY2018 and PY2019 results are challenging due

to the extent of the rate changes. An important note is that while it was known that rates would be
changingin the upcoming year, the new rate schedules had not yet been finalized prior to the

AT T Pl AGETT 1T &£ 1 A0O0 UAAOBO AOAI OAGET 18 4EA 09WoXnp
the old rate scheme with the caveat that the true ex ante resultdadcbe substantially different. In

addition to the rate change, the ex ante weather forecasts were also updated in 2019. Disentangling the
effects of both the rate change and weather change is complex, however, some key conclusions can be
drawn.

As a reslul of the ex ante weather update, the general trend was for an increase in the severity of RTP
day type assigned to the same monthly peak day. This is consistent with the new ex ante weather being
hotter, especially in July, August, and September, thanpher forecast. Because there were fewer
summer weekday RTP day types in the new rate schedules, less variation in RTP day types for summer
monthly peak days exist in the new regime as well. As a result, ex ante impacts are more consistent

SUpdated Ex Ante-In-2 and 1in-10 Weather Conditions for SCE and CAISO memorandum. Produced by
Nexant, Inc. for SCE. October 10, 2019
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from month to nonth in the new regime since many monthly peak days share the same assigned RTP
daytype! TT OEAO OOAOOAT OEAI AEAT GCA OEAO T AAOOOAA AAOXx
change in program participants. Due to a relatively hot 2018 summerpaousts experienced high bills

on the RTP program and subsequently-elerolled. The customers who remained on the program are

likely to be different in terms of their ability to respond to the new price signals.
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6 RECOMMENDATIONS

6.1 SUPPLY SIDEPROGRAMS

BASEINTERRUPTIBLEPROGRAMBIP)

BIP continues to perform well, with its customers providing substantial load impacts with short notice.

AGRICULTURAL ANIPUMPINGINTERRUPTIBLEPROGRAMAP-1)

The ARI program has consistently delivered load reductions during mkriof peak demand. This year,
the program experienced several changes that have important implications for how the program will
operate going forward.

A
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-APPEI ¢ AOOOT I A0 AOGAT O OAOPI 1 OA AAOT OO 3#%60
network reception Bould be assessed

V 4EEO AAT bDOT OEAA AAAEOQEITT Al ETOECEO EIT O OE
should be continued

Pumping loads are driven by on/off operation and not by temperature. HAogwperations

arehighly seasonal.

V  This fundamentallylimits the available load shed in winter months as fewer pumps are
in operation

V Conversely, the program is more valuable in July through August when the percentage
of customers pumping is higher.

Estimating switch paginguccess based on one event per suer is subject to high
volatility, as paging success, pump operation, or customer respisatimately somewhat
stochastic in nature.

V Calling more events per summer will provide a more robust picture of how customers
operate.

V  With 15minute interval daa available, these events do not have to be as long as they
have been historically. Quick paging tests can provide valuable information about
customer response.

There were 941 customers enrolled in this program on the 2019 event day. A key difference
betwAAT OEEO UAAO8O AOAI OGAGEIT ATA 1 AOGO UAAO E
adoption of D.1609-056, which prohibited certain types of fos$ilel based backup

generation from operating during demand response evefiise prohibition went into

effect on January 1, 2018s a result, enrollmentin AP AAAOAAOAA EOT I XhXWX
event day to 941 a year later. Thiscreasen enroliment has important implications for the

ex ante enrollment forecast, as the program historically was expeategmain relatively

stable in terms of enrollment.



CAPACITYBIDDINGPROGRAM(CBP:

A 3#%80 AOAOACA AOGAT O AAU kb @ADBLABQalldists EAA OA
540 participants nominated, and event widows between the hours of 1 PM and B&?M.
the average summer and nesummer event days show results for HE19 (6ZMPM),
which is the window that most events have in common.

A Both the DA and DO programs were unsuccessful in meeting or exceeding their nominated
capacities, onaverag8 # %6 O #" 0 xAO 111U AAIT A O OOAAAOO”
on one nonsummer event under the DA product offering. However, results for this event
are considered confidential undehe 15/15 rule. Program management attributes this to
several aggregtors having struggles in deliveries through the course of the program year.

A Participant retention and enroliment stabilized in PY203% %8 O AOI B EI- O00i 1 AO
summer enroliments wee mainly due to the CPP rate defaulting in PY2019 and the CPP
opt-out process required to renroll into the CBP program. By August 2019, both DA and
DO programs are back to anticipated program nominations.

A Exante impacts are no longer being undespresentedA OA O 3#% 30 AEOPAOAE
PMz 7 PMot aligning to the Rsource Adequacy (RA) window (4RM 0 - 8 3 # %06 O
advice letter (AL 413[) requesting to change the dispatch window to 3 PM to 9PM,
currently at 1 PM to 7 PM, was approved to be effective retroactive to Januéy20g20.

A Residential participation isxpected to begin in PY202This has moved up from previous
forecasts to start in PY2023CE makes a constant forecast of 3 MW per year through the
forecast horizon.

SUMMERDISCOUNTPLAN (SDP):

Based on the 2019 gost and exante load impact evaluatioresults thefollowing is recommended
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A It isrecommenced to developestimates of peak period (@ pm) weather sensitivity estimates
for each participant using all summer navent days. The approach enables SCE to quantify AC
loads for each customer adfanction of the weather, which helps both with program operations
and in ensuring participants have air conditioner loads during peaking conditions.

A For SDPR, explore withholding a randomized control group, by CAISO grid a&eg $ubload
aggregation pant or SuBLAP), for both evaluation and settlement with CAISO. The CAISO
baseline settlement rules now allow the use of control groups, which enables better alignment
between evaluation and settlement impact estimates. In the case of reliatiised eents
(which are rare)it isrecommenced todispatch all available resources.



Reuvisit incentive levels for SB®, especially for customers on 50% or 30% cycling. Because the
peak period has shifted to 4:08:00 PM, the air conditioner loads and impacts fion-residential
customers are substantially lower than for hours earlier in the day.

A To the extent possible, avoid dispatching customers on 30% and 50% cycling when participant

weighted temperatures are below 85 °F. At lower temperatures, 30% and 50fggo not
deliver meaningful demand reductions that can be measured accurately.

A To better defineex anteimpacts, ensure the program is dispatched acrossxathntepeak hours

(4:00z7 9:00 PM).Unless needed for reliability, it is not necessary to adthour event but
ensuring all theex anteevent hours are included across all the events in a programiggaoves
ex ante modelingTo achieve this, it may be necessary to supplement events called by CAISO
with Measurement and Evaluation events.

To facilitate comparisons betweeax postandex anteresults,calling at least one territorwide
event is recommendeddeally on the SCE system peak day or another day with high system
loads.

Use the full norresidential population of medium and large custers and sample of smaller
customers to identify control customers for SBRP. SDPC has several extremely large customers

and is dominated by schools and religious institutions. For PY2019, after discussion with SCE, a
sample of norresidential and resideral customerswas usedn the match control group pool to
minimize data risk. Use of stratified sample worked well for the SDPMowever, the SDE

population varies too much in customer size and has unique mix of customers. As a result, the use
of a sanple in the matching process led to less precise, though valid, impact estimates.

SMARTENERGYPROGRAMSSEP)

Based on the 2019 ex post and ex ante load impact evaluation rethdtfollowing considerationsre
highlightedfor program design and futurkwad impact evaluations.
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A The most important predictor of SEP load impact is not time of day or weather, but the position

of an hour within an event. Impacts are largest during the first event houidaatine sharply in
each subsequent hour. Consequentforter events show larger average load impacts than
longer events.

If a more consistent load impact across dispatch hours is desired #rerseveral tactics used
by other program administrators to mitigate the decay of impacts across the eveist.
recommendedto discuss the feasibility of these options with the progradermostat
providers.

V Stagger the dispatch time so that participants come in and out of the event at different
times. This approach reduces the aggregate impact in the first howirproduces more
consistent impacts across event hours.



V A cascading offset. Instead of implementing a four degrd€ Getback at the beginning
of the event, raise the offset one degree per hour over the course of the event.

V  Pre-cooling of homes can aldwelp slow the deterioration of load impacts by extending
the amount of time it takes the home to warm to its event setpoint. fo®ling can
also reduce participant opbuts through increased participant comfoffhe required
response time of the prograns a key factor in determining whether peooling is a
viable option.

A The PY2019 analysis showed a more rapid decline in impacts across event hours than the
PY2018 analysis. This may be weather related as outdoor temperatures are declining during the
evening hours when PY2019 events were dispatched. Another potential reason for the
observed decline is more frequent customer apits due to increased occupancy during
evening hours. SEP allows customers to override the thermostat setpoint modification,
howeOAO | AOEAOQET ¢ [AASTE Odisédtiah, clisiodeks mayEbA @maed from the
Program for overriding all energy events dispatched in a calendar year, when overrides
consistently occur within the first hour of events.

V SCE shouldequest thermosat-level operating data from the SEP thermostat
providers. This supplemental information could provide valuable insights into whether
customer optouts are driving the reduction in impacts in the second, third, and fourth
hour of SEP events.

V  With granula thermostat runtime, setpoint, and indoor temperature data SEP impacts
as a function of cooling loacbuld be examinedin addition to wholehouse loads.

V Thermostat operating data would also allow for an exploration of the changes in indoor
temperature within homes during SEP events.

A SCE is deploying default TOU pricing for residentiatomers in 2020. The transition is
scheduled to begin in October 2020 so much of the PY2020 SEP event activity will be prior to
the transition. As shown i&rror! Reference source not found.less than 20% of SEP
participants faced timevarying pricing during PY2019. The rollout of default TOU may alter
SEP participant reference loads and potentially change therage load impact of SEP
dispatch.

A Participating homes can have more than one thermostat. It would be a useful segmentation
variable if the number of controlled thermostats or condensing units in the home was captured.

6.2 LOAD MODIFYING

The following recormendations were made for the loachodifying programs:
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CRITICALPEAKPRICING(CPB:

A Encourage participants to sign up for event notification and offer enhanced support to enable

participants to respond on event days. The evaluation shows that notificatiwhaalditional
support are critical to improving customer response.

Future evaluations should further investigate the effect of notification on customers,
potentially by size and industry. It may be appropriate to assume zero impacts for some classes
of non-notified customers, which may iturn affect how theex anteimpacts are estimated.

Consider conducting a survey of participants regarding their notification choices. The survey
could explore why customers chose to be notified (or not), whether theyaas@e of events,
and how they respond on event days.

Matched control group were not developed for several of the subgrofgsthis evaluation
because of the small ratios of participants to nparticipants and the opbut nature of the

CPP rates whictvould likely lead to poor matches and introduce sg#flection bias.
Unfortunately, the withinsubjects design may also have led to the introduction of bias,
particularly among those groups with very small impacts due to a lack truly comparable event
like days. Since all utilities expect their participant population to grow (and the panticipant
pools to continue teshrink),future evaluationsshould consider what can be done to mitigate
this bias.The followingtwo optionsare offeredfor consideration:

V Intentionally call test events on cooler days and, unless absolutely necessary, try not to
call events on all the hottest days of the season. This will provide the models with
better information as to how participants would behave during events on a wigge
of temperatures and improve their performance.

V Consider using the nenotified participants as a control group for the notified
participants when appropriate. This would accurately estimate the incremental effect
of natification, rather than the oveall program impact, but this may not be desirable
giventhat the impacts for nonnotified customers are very small.

REALTIME PRICING(RTP):

RTP customers successfully responded to substantial rate changes that occurred during the 2019
program yearBecause of these changes, customers reduced their consumption during the peak period
relative to the prior year and exhibited evidence of load shifting between the on peak and off peak
periods. The majority of load impacts from this program come from largstomers for whom price

can have a significant impact on their bills

The RTRrogram experienced many major changes in 2019 that make comparison to prior years
difficult. These changes included
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Substantial customer churn in the fall of 2018 and sprihg@iL9
Change in ex ante weather conditions

New TOU rate blocks for both RTP and otherwise applicable tariffs

> > > >

Narrower peak period RTP pricing
A Consolidation of RTP summer weekday day types from five to three

As a result, considerable changes to ¥2018nd PY201@x post and ex ante results were not
unexpected. Nevertheless, the program continues to deliver peak period reductions of approximately
30% on Hot Summer Weekdays. Factoring in customer churn, updated consumption patterns, and
updated rates foex ante forecasts, customers can experience nearly 47% impacts during the RA
window on Hot Summer Days going forward.

Of considerable interest for subsequent years will be customer response over time as customers

become acquainted with the new price schdés. Since the new rates went into effect between March

1 2019 and June 1 2019, they have only experienced between five and six months of the new tariffs as of
this evaluation. With more time on the new rates, their response patterns may change and ta#ac

ability to reduce loads in the 4prf@pm window more consistently.

6.3 PILOTS

RESIDENTIALDEFAULTTIME OFUSE

3 # Y%eésidentialdefault TOU pilot summarized above has produced a large amount of information that
xEl1 EAI B COEAA 3 éntafodof detadt OOUApAcihg. DiffereficestniloAd and bill
impacts and optout rates across customer segments at the service territory level reflect not just
differences across segments, but also differences in the mix of customers across climatesr8gibfod O
income qualified (e.gCalifornia Alternate Rates for Ener¢@ AREand Family Electric Rate Assistance
(FERA) customers in the hot climate region and Climate Zone 10 were not allowed to be enrolled on
TOU tariffs using default recruitment. Asich, comparisons across the two hot and two more

moderate regions not only reflect differences in climate but also differences in the mix of customers.
These differences must be kept in mind when making comparisons across segments and climate
regions.
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7/ APPENDIX: REGRESSION HIFICATIONS

7.1 BASE INTERRUPTIBLERROGRAM

The following is a general form of the model that was separately estimated for each enrolled BIP
customer.

24 E 24
Q =&®h)+aa OF:

i=1

24
h,3BIR)+& & (b™ 3 h 3 OtherEvE®)

Evt=1i=1 DR i=1

24 24
+ a (bIWeather;g hi't 3 WeathQI) + é (bIMornLoad:.; hi’t 3 MornLoaq’t)

i=1

j=2

i=1

5 24 24
+& (b7 DTYPE, )+ 4 (8" h, 3 MON,) + & (b7 2 h, 3 FRI,)
i=2

i=2

10 24
+8 (0™ MONTH, ) +§ (B>""2 h 2 SUMMER) +¢

i=6

Variable Name

i=2

| Variable Description

Q the demand in hout for a BIP customer
The varioudd O | the estimated parameters
h an indicator variable for hour equal to one whehcorresponds to hourof a
. given day
BIR an indicator variable for program event days
E the number of program event days that occurred during the program year
5 EDI O4 an indicator variable for event ddyRof other demand response programs in
P which the customer is enrolled (e.R= CPP Event 1, CPP Event 2,
Weather the weather variables selected using our model screening process
R e —— = .
MornLoad A OAOEAAI A A.NOAI Ol OEA AOAOAQy be
excluded via model screening)
DTYPE a series of indicator variables for each day of the week
MON. FR indicator variables for Monday and Friday (Sunday hourly indicator variable)
' ' are included in models that include weekend dates)
a series of indicator variables for each month (model screening may includg
MONTH; :
separate hourly profiles by month)
SUMMER an indicator variable for the summer pricing sea¥on
& the error term

8 TheMornLoadd NA | 6f S A &

F gSNF 3SR 20SNJ 6KS K2dzZNB ™

weekday events occurred during hours ending 7 through 10.
17 The summer pricing season iséthrough September for SCHay through Octoberfor SDG&, and May
through October for PG&E.
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Ex ante regression specifications:

24
Q =a (b|h3 ho)+
i=1

24
h,2BIR)+§ & (b™ 3 h 2 OtherEvf®)

DR i=1

E 24
aé bk’

Evt=1i=1

24 5
+& (B""'3 h 3 Weathe) +§ (b7"'"3 DTYPE,,)

i=1

j=2

24 24
+a (™" 2 h, 2 MON,)+§ (b™ 2 h 2 FRI,)

i=2

=+

i=2

g (bM°"™3 MONTH,,) +¢

j=2-411-12

Variable Name ‘

Variable Description

Q the demand in hout for a customer enrolled in BIP prior to the last event da
The variou®d O | the estimated parameters
hi a.n indicator variable for houy equal to one whehcorresponds to hourof a
’ given day
BIR an indicator variable for program event days
E the number of program event days that occurred during the program year
OtherEvER an indicator variable for event ddyRof other demand response programs in
it which the cusbmer is enrolled (e.dOR= CPP Event 1, CPP Event 2, ...)
Weather the weather variables selected using our model screening process
DTYPE a series of indicator variables for each day of the week
MON, FRY{, indicator variables for Monday and Friday
MONTH; a series of indicator variables for each month
& the error term

7.2 AGRICULTURAL AND PUMING INTERRUPTIBLEROGRAM

A variety of models were used to predict reference loads for thd p@gram. Each customer had a
similar model selected based amdividual out of sample testing. The variables included in the set of
models are summarized belaw

Model Term Description

Month Month
. Binary flag for first half or second half of month. Intended to capture intra
firsthalf month pump-load shifts
dow Day of week
avgtemp Daily average temperature
tempf Temperature
Daily_precip $AEI U DPOAAEDEOAOGEIT ET AOOOI T A0BO
Precip_7days |# O O1 AOEOA DOAAEDPEOAOEIT ET AOQOOI I
Precip_3months | # O 01 AOEOA DOAAEDE Od@ st ihreedniontEO O OT |
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CDH_60 Cooling degree hourgbase 60
CDH60_sq CDH squared
HDH60 Heating degree hourg base 60
HDH6_sq HDH squared
CDD Cooling degree daysbase 60
CDD_sq CDD squared

7.3 CRITICAL PEAK PRICIBI

7AAAOAT T PAA A OAO T &£ AAT AEAAOA 11T AAI O xEEAE xAOA
AAGAT T PAA ET DPOAOET OO 30A0AxEAA $2 AOAI OAOET T O O]
7A AAT OEETE T &£ OACOAOOETT 11T AAEBABEOARAEEL DAAR I
ITA T0 Ii7TO0OA Agbl AT AOI OU OAOEAAI A08 4EAOA AEAAAOA

x AUO OI OAPOAOAT O AEAAAOCAT O OUBPAO T &£ AOOOI T AOOS
AAOLDOCARIOE AAXE BABCACEAAT AO AT A AT OIA AA T AAA ODP 1 &
AACOAA ET 60OOh #$(Qqh T O A ¢cOiI Ob 1T &£ OAOEAAI A0 j A8«

iTAAlT Agbl AET O OAOEAOEITT EIT OOACA O1 OAICA®AOOEN T A

Agbpil AET O OEA OAOEAOGEITT EIT OOACA OAI AGAA O A $2 .
4EA AAT AEAAOA 11T AAT O E£EO ET O Oxi AAOEA AAOACT OE,
2 7AAOEAO OAT OEOEOA 11 AAI O xEEAE EI Al OAA xAAOEA
72 I XAAOEAO OAT OEOQGEOA 11 AATIOI AOE ADAEEGONG IO AO O\F AA
AEEAAOOS

4EA GQARAAT A DPOAOGAT 6O OEA 1 EOOEIC 1T £ OEACKBAAEAABNIAD
OOAA O1 AAOGAT T b GEAR ARADHBROBA OO DAIAGS EOOEI C T £ O
AT A OAOBREAIAOEATT O OOAA O AAOGAI T b OEA AAT AEAAOGA i
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Type of Variable Variable Description

Dependent KWhi Hourly consumption for customeiin hour/dayt

Baseline Fixed effect| | i Indicator variable for each customer

Baseline Calendar Day of Week Indicator variable for each day of the week

Indicator variable taking on the value of 1 for each weekd
and 0 for weekends and holidays

Baseline Calendar Weekday

Baseline Calendar Month of Year t Indicator variable for each month of the year
BaselineWeather CDHi; Cooling degree hours (base 65) for custoriarhour/dayt
Baseline Weather Meantempi Mean temperature for customdron dayt
Baseline Adjustment | Morning Load; Average of hours-80 for customeron dayt
Baseline Adjustment | Late morning load; Average of hours-12 for customeron dayt

Indicator that takes on a value of 1 if custonmpatrticipated
Impact Eventis .

in eventt

Interaction between event and notification thaékes on a
value of 1 if customdiwas notified of event

Interaction between event and notification that takes on a
value of 1 if customédmwas enrolled in enhanced support
during eventt?®

Interaction between event and CDH for customen event
t

Interaction between event and month for customiesn

Impact Interaction (Event * Notification);

(Event * Enhanced

Impact Interaction Support)

Impact Interaction (Event * CDH);

Impact Interaction (Event * month);

eventt
4EA AEI11TxETC AgAIi PI A Ei 1l OBAOCEDAAACBAADDI AdBA EE
OET CIl A DEAOBRODODOI OBODAGAI ObOI ET OEA AAODOAT AT Al UOE
AET AT 11 AAl OPAAEEEAAOCEI 1T ABOAOI ETI AA AU OEA 1 POE
Q1 | 600 OmGY | 2OmG Y- (1)

Where:

A "QU0Q is the consumption of customé@n hourod

A 1 s the intercept

A | is a vector of segment indicators, i.e. AutoDR, LE®,

A 1 is a vector of calendar variables, i.e. month, year, and day of week

A & 'O"@epresents the cooling degree hours for haur

Bs] EAT AAA 30DPDPT OO0 ADPDPI EAO 11 1 -Post@ebultDsectptbfornar®idigiaidd Al OOh O
on Enhanced Support.
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A 'O ® 0§ i%¥a dummy variable indicating that hoawas on a CPP or PDP event day

A | z 'O0 ¥ an interaction between the event indicator and the segment indicator
variables
A - is the error foparticipant'@n time ®

7.4 CAPACITY BIDDING PRGRAM

With the different variables presented, sets of candidate models were created that represent a wide
variety of customers and their impacts. Each 10U has customized sets of candidate models, but in
general,the candidate models fit into two basic categories:

A Weathersensitive models include weather effects and calendar effects. These models are
less likely to require a load adjustment since much of the-thaglay variation in load is
captured by weather tams.

A Non-weather sensitive models include the load adjustment and calendar effects.
Simple weather sensitive example:
QO [ i)Né FB 0QdBy  0p Oz 0 €& &y
Ofp 2 0L QE O E Gy
where:

QI EO OEA & OO OBRIOPOET T AU ET OO
| hEO OEA ET OAOAADPOS
-k EO OEA AOOT O A0 PBOOWEAEDPAT O ET ET 60O
Simple nonweather sensitive example:
VI | 0£€1 ¢0§ ORODE QXRQDY -
xEAOAQ
Qi EO OEA & OXI
| hEO OEA ET OAOA
O

[N A~

AIODGET T U ET OO
5]

-rEO OEA AO0OI

A ~

A0 PBOOWEAEDPAT O ET ET OO

%2bl AT AOT OU 6AOEAAT AO )1 A1 OAAA ET #A1 AEA/

6 AOEAAI A

,,,,,,

"AOAT ETA 6AOEAAI AO
7AAGEAO OAl AGAA OAOEAAI AO El Al OA
... AACOAA EI OGO j#3(q OAOI O xEOGE AAO
TAAGERO e &E AAGA OAlI OA | /£ aoh xAACERIDEOA
OAGEAAI AO

-1 TAE ! OAOEAO 1 £ ET AEAA

i O OAOEAAI AO




$ AU/ EEkAtlr OAOEAO 1T £ ET AEAAOI O OAOEAAI AO
Poenamoo BEOALS LTR LT 8O S MERG TR T 0B
-1 01 ks AA 4EA AOAOACK 1A AMAAER AAWOO 1T 1 -
-EA,dnAA |4EA AOAOACK 1iA AMMAAEE AAWOO X ! -
%OA,di AA 4AEA OMTAR T £FOAAABAALKEDL ET OO0 i 0- G
I PAAO 6AOEAATI AO
Oeh A T ETAEAAOI O OAOEAAIT A &£ O ACCOAC
0 & «<id 6 'T ETAEAAOT O OAOEAAT A &I O ACCOAC

OEA 111O0E

06 WOAT®L 1

TET AEAAOT O OAOEAAIT A A& O AGCGCOACGCAC

0c WOAT Oz

'T ETAEAAOI O OAOEAAI A A O AGCGCOAGC

|
Al ETAEAAOT O &1 O OEA ET OO OEA AO
|
A

AT ETAEAAOI O A O OEA xEIT Al x OEA

I £#FOAO OEA
follows:

A Obtained the actual and predicted load on each hour and day based on the best model

OAAOGOG 11 AAI

specification for each customer.

A Usedthe estimated coefficiets and the baseline portion of the model to predict what this

customer would have used on each day and hour if there had been no eVhigs.
predictionisthe reference load.

A Calculated the difference between the reference load (the estimate based obakeline

variables) and the predicted load (the estimate based on the baseline + impacts variables)

on each event day. This difference represents estimated load impact.

A To show the actual observed load (and avoid confusion associated with the prediei) lo

re-estimated the reference load as the sum of the observed load and the load impact.

7.5 SUMMER DISCOUNT PLAN

The following is a form of the model that was estimated for both residential and commeusameis

for ex post analysis

7@) f
V)

Model Term Description

‘@

I ZQOOQ 201 QAWM QEO0TOW@NIT QORQz6 001 200 w

Net electrical demand in kW for customielin hour h

x AO GshdcificAripAciwas EhlcDlatebbd A E

f

Mean demand for all customers on proxy days in hour h
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Regression coefficient for the date variable for houCaptures datespecific
T departures from the mean.
date Set ofindicator variables for event day and selected proxy days
f Regression coefficient of interest
01 Q®o | Indicator variable fothe SDPparticipant group
QL Q& 0 OQ| Indicator variable fothe SDPevent day
Interaction term equal to 1 for treated customers on the event day and 0
otherwise
Regression coefficient for there-event hours to calibrate differences
f between the treatment and matched control groups on the event and prox
days
Average kW during prevent hours. Because customers are given little not

01 G Qe 0

pread including this term does not affect the validity tife estimates
Regression coefficient for th@a OO 01T | AOOS6 O AlkwhiclkeT ¢/
f accounts for differences in heat buildup between treatment and matched
control
CDD Cooling degree day using set point defined for the customer
T Regression coeftient capturing different load shapes for each day of the
week
DOwW Day of week
0 Customer fixed effects variable for customer i in hour h
- Error term

7.6 SMART ENERGY PROGRAM

Ex Post differencén-difference panel regression model specification in equation below and
components are described in table below. The equasbows the regression implemented for every
event and every hour of the day

@ I 2Qwo R 201 G Q& 0 DO W -

Model Term Description

@o Net electrical demand in kW for customieiin hour h
f Mean demand for all customers on proxy days in hour h

T Regression coefficient for the date variable for houtapturesiate-specific
departures from the mean.

date Set of four indicator variables for event day and three proxy days
f Regression coefficient of interest
01 Qwo | Indicator variable fothe SERparticipant group
QU Q¢ 0 Ow)| Indicator variable fothe SERevent day

Interaction term equal to 1 for treated customers on the event day and 0
otherwise

0 Customer fixed effects variable for customer i in hour h

01 G Q¢ 0
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‘ - Error term

Ex ante reference load regression modpkcification can be found in the equation beldvie model

terms and base temperatures for degree day and degree hour terms were selected based on model fit
statistics (adjusted Rquared, root mean square error) and the statistical significance of model
parameters (standard error angstatistic). Model terms further defined in table below.

0 Q0w | f zoOo@mnmt z00@nT z2zYOT z000@u f zo Ot z0€EEDY 2
"0 61 § 2'0¢ 671 6 0T "00'@L | ;20 & &B 8 OPr 00U -

Model Term Description

Net kWi Average netlectrical demand in kWluring interval i

[ & The model intercept

CDD60 Cooling degree days base 60 degrees (F)

r X Regression coefficient for the CDD60 term

HDD60 Heating degree days base @@grees (F)

r v Regression coefficient for the HDD60 term

RH Relative humidity

r Q Regression coefficient for the RH term

HDH55 Heating degree hours base 55 degrees (F)

ri Regression coefficient for the HDH55 term

CDH70 Cooling degree hours base @8grees (F)

ry Regression coefficient for the HDH55 term

Month Array of indicator variables denoting the month of the year

ri Regression coefficients for the month indicator variables

Hour Array of indicator variables denoting the hour of the day

r E Regression coefficients for the hour indicator variables

[ ERx :?egression coefficients for the interactions between hour and the degree hour weathe
erms

(R x Regression coefficients for the interactions between month and the degree hour weath
terms

R Error term

7.7 REAL-TIME PRICING

The following equation shows the specifications for the ex @&t ex anteanalysis Further
explanation of model terms in the following table.

@ Tzl QEQ 271 QOQI HOZ@ED OO Of) Q7 & & £ -
Model Term Description
@ Electricity deliveredn kW for customer, in hour h
| Intercept
1 Regression coefficient fgorice a customer experiences in hour h
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price Hourly energy price inclusive demand charges

1 Regression coefficient of the price raticaptures load shifting

ni Qo 'Qi & Ratio of hourly price to daily maximum price for each customer
I Regression coefficient accounting for variability in customer weekly schedul
Qwwo wn ¢ Day of week
I Regression coefficient accounting for variability in customer seasonal sched
a€Ed Month
- Error term

7.8 RESIDENTIAL DEFAULTIME OF USE

A typical regression specification for estimating impacts is shown below:

Qay, | 100AADOT OO OOAAGDLIVOOG-
In the above equation, the variable 7j equals electricity usage during the time period of interest,
which might be each hour of the day, peak or-p#ak periods, daily usage or some other period. The
index i refers to customers and the index t refers to the time period of interest. The dsig@database
would contain electricity usage data during both the pretreatment and ginsatment periods for both
treatment (encouraged) and control group customers. The variable treat is equal to 1 for treatment
customers and for control customers, wite the variable post is equal to 1 for days after the TOU rate
has beenimplemented and a value of 0 for days during the pretreatment period. The treat post term is
theET OAOAAOQET T T £ OOAAO Al A p-inOiferedcéshstatroftha’ A ££E AE AT
OOAAOI AT O AEEAAO OEAO i AEAO OOA 1T &£ OEA DPOAOOAAOGI A
which provides the estimated demand impact during the relevant period. The parardeierequal to
mean usage for each customer for the relevéme period (e.qg., hourly, peak period, etc.). TOg¢erm
isthe customer fixed effects variable that controls for unobserved factors that are-timariant and
unique to each customer.
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8 APPENDIX: EX ANTE IMACTS BY PROGRAM ANBDEAR

Ex Ante Impacts - 2020 Program SCE 1-in-10

Type Program Apr May Jun Jul ‘ Oct Nov
AP-I 9.4 134 19.1 24.4 26.8 28.4 27.2 27.7 27.7 23.0 17.2 11.2
BIP-15 155.5| 169.2 | 1559 | 168.4 | 179.7| 181.6 | 181.3| 182.1| 182.1 | 180.0 | 186.6 | 164.4
BIP-30 381.7| 408.9 | 384.9 | 397.8| 389.1 | 397.8| 374.5| 385.1 | 388.6 | 381.7 | 387.6 | 361.4
CBP DA 19.9 19.9 19.9 19.9 19.9 19.9
Supply Side | -gp b 07| 07| 07| 07 07| 07
Programs
SDP-C 00| 119| 149| 176| 220| 242| 288| 239| 252| 237| 16.9 0.0
SDP-R 00| 286| 43.8| 826| 138.2| 195.1| 235.6| 197.3| 2059 | 1725| 79.0 0.0
SEP 0.0 9.2| 10.7| 115| 199 | 273| 443| 353| 348| 295| 17.7 0.0
Subtotal 567.2 | 661.8| 650.1 | 723.0| 783.2 | 862.0 | 899.3 | 859.1 | 871.8 | 818.1 | 725.6 | 557.6
CPP Large 7.4 7.6 8.1 8.1 8.1 7.7 7.5 7.8 7.8 8.3 8.0 7.4
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 1.6 1.3 2.8 2.9 2.9 21.6 22.1 21.9 21.0 2.8 15 1.3
Subtotal 9.0 8.9 10.9 11.0 11.0 29.3 29.6 29.7 28.8 11.1 9.5 8.7
Residential 2.2 2.2 1.7 1.8 2.0 6.7 9.9 8.2 8.8 4.5 4.0 3.8
Pilots TOU
Subtotal 2.2 2.2 1.7 1.8 2.0 6.7 9.9 8.2 8.8 4.5 4.0 3.8
Portfolio Total 578.3| 6729 | 662.6 | 735.8| 796.2 | 898.0 | 938.8 | 897.0| 909.4 | 833.7| 739.1| 570.1
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Ex Ante Impacts - 2021 Program SCE 1-in-10

Program Apr May Jun ‘ Jul ‘
AP-I| 106 | 150| 214 | 273| 298| 315| 300| 305| 306| 255 191 124
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1 | 167.9 | 167.6 | 168.4 | 168.4 | 166.4 | 1725 | 152.0
BIP-30 374.3 | 401.0 | 377.4| 390.1 | 381.5| 390.1 | 367.2 | 377.7| 381.0 | 374.3| 380.1| 354.4
CBP DA 199 | 199| 199 | 199 199 | 199
Supply
Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7
Programs
SDP-C 00| 10.6| 13.2| 156 195| 215| 256 212| 224| 210| 15.0 0.0
SDP-R 00| 26.0| 398| 750 1255| 177.1| 213.8| 179.1 | 186.8 | 156.6 | 71.7 0.0
SEP 00| 112| 132| 143 | 250| 34.7| 568| 457 | 447 | 376| 224 0.0
Subtotal 549.2 | 640.8 | 629.9 | 698.5| 755.0 | 830.3 | 868.7 | 830.1 | 841.4 | 789.1| 701.3 | 539.4
CPP Large 7.8 8.0 8.5 8.6 8.5 8.1 7.9 8.2 8.2 8.7 8.4 7.8
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 15 1.3 2.7 2.8 28| 202| 206| 201 | 193 2.6 1.4 1.2
Subtotal 9.3 93| 112| 114 113| 283| 285| 284| 276| 113 9.8 9.0
Residential 3.9 4.0 3.0 3.2 34| 131| 196 | 159 | 214 74| 10.8| 11.9
Pilots TOU
Subtotal 3.9 4.0 3.0 3.2 34| 131| 196 | 159 | 214 74| 10.8| 11.9
Total 562.5| 654.1 | 644.1 | 713.1| 769.7 | 871.6 | 916.7 | 874.4| 890.4 | 807.8 | 721.9 | 560.3
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Ex Ante Impacts - 2022 Program SCE 1-in-10

Type Program Apr May  Jun Jul ‘ Nov
AP-I| 109 | 155| 222| 283| 310| 328| 314| 319| 320| 26.7| 199| 13.0
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1 | 167.9 | 167.6 | 168.4| 168.4 | 166.4 | 172.5| 152.0
BIP-30 374.3 | 401.0| 377.4| 390.1 | 381.5| 390.1 | 367.2 | 377.7| 381.0 | 374.3| 380.1| 354.4
CBP DA 199 | 199 199| 199 199 19.9
Supply Side | ~pp b 07| 07| 07| o07 07| 07
Programs
SDP-C 0.0 94| 11.7| 139| 173| 191 | 227| 188| 199| 18.7| 133 0.0
SDP-R 00| 245| 376| 70.8| 1185 | 167.3| 202.0| 169.2 | 176.5| 1479 | 67.7 0.0
SEP 00| 139| 164| 175| 305| 421| 687| 550| 537| 452| 26.8 0.0
Subtotal 5495 | 641.3| 630.0 | 696.9 | 752.6 | 826.9 | 867.2 | 828.5| 839.0 | 786.8 | 701.0 | 540.0
CPP Large 8.2 8.5 9.0 9.1 9.0 8.6 8.3 8.7 8.7 9.2 8.9 8.2
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 1.4 1.2 2.5 2.6 25| 185| 189 | 184 | 17.7 2.4 1.3 1.1
Subtotal 9.6 96| 115| 116| 115| 270| 272| 271| 263| 116| 10.2 9.3
Residential 155| 16.8| 136| 140| 170| 615| 925| 739| 825| 215| 19.8| 16.9
Pilots TOU
Subtotal 155| 16.8| 136| 140| 170| 615| 925| 739| 825| 215| 19.8| 16.9
Total 574.7 | 667.8| 655.1 | 722.5| 781.1 | 915.4 | 986.8 | 929.6 | 947.8 | 819.8 | 731.0 | 566.2
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Ex Ante Impacts - 2023 Program SCE 1-in-10

Program Apr May Jun Jul ‘
AP-I| 10.9 155| 222| 283| 310| 328| 314| 319| 320| 26.7| 199| 130
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1 | 167.9 | 167.6 | 168.4| 168.4 | 166.4 | 172.5| 152.0
BIP-30 374.3| 401.0| 377.4| 390.1 | 381.5| 390.1 | 367.2 | 377.7| 381.0| 374.3 | 380.1 | 3544
CBP DA 19.9 199 | 199| 199 199 | 199
Supply
Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7
Programs
SDP-C 0.0 83| 104 | 123| 154 | 17.0| 20.2 16.7| 17.7| 166 | 11.8 0.0
SDP-R 00| 234| 358| 675| 1129 | 159.4 | 1925| 161.2 | 168.2 | 1409 | 645 0.0
SEP 0.0 16.7| 195| 209 | 364| 501, 815| 652| 635| 533| 316 0.0
Subtotal 5495 | 641.9| 630.1 | 695.4 | 750.9 | 824.8 | 868.0 | 828.7 | 838.3 | 785.8 | 701.1 | 540.0
CPP Large 8.6 8.9 9.5 9.5 9.5 9.0 8.7 9.1 9.1 9.7 9.3 8.6
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 1.3 11 2.2 2.3 23| 168 | 171 16.7| 16.0 2.1 11 1.0
Subtotal 9.9 100 11.7| 119 118| 258| 259| 259| 251| 118| 105 9.6
Residential 17.8 17.2| 135| 139 169| 61.2| 921| 736| 821| 213| 19.7| 16.8
Pilots TOU
Subtotal 17.8 17.2| 135| 139 169| 61.2| 921| 736| 821 | 213| 19.7| 16.8
Total 577.3| 669.0 | 655.3 | 721.1 | 779.5| 911.8 | 986.0 | 928.2 | 945.5| 819.0 | 731.3 | 566.4
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Ex Ante Impacts - 2024 Program SCE 1-in-10

Program Apr May Jun Jul ‘
AP-I| 10.9 155| 222| 283| 310| 328| 314| 319| 320| 26.7| 199| 130
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1 | 167.9 | 167.6 | 168.4| 168.4 | 166.4 | 172.5| 152.0
BIP-30 374.3| 401.0| 377.4| 390.1 | 381.5| 390.1 | 367.2 | 377.7| 381.0| 374.3 | 380.1 | 3544
CBP DA 19.9 199 | 199| 199 199 | 199
Supply
Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7
Programs
SDP-C 0.0 7.4 9.3 11.0 13.7 151 18.0 14.9 15.7 14.8 10.5 0.0
SDP-R 00| 223| 342| 644| 107.8| 152.1 | 183.7 | 153.9| 160.5| 1345 | 61.6 0.0
SEP 0.0 194 | 227| 243| 422| 580| 942| 752| 730| 611| 36.1 0.0
Subtotal 549.5| 642.7 | 630.6 | 694.4 | 749.9 | 823.6 | 869.7 | 829.5| 838.2 | 785.4| 701.3 | 540.0
CPP Large 9.1 9.3 99| 100 9.9 9.4 9.2 9.6 9.6| 10.2 9.8 9.1
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 1.2 1.0 2.0 2.1 21| 151 | 154 | 150| 145 1.9 11 0.9
Subtotal 10.2 10.3| 119| 121 | 120| 245| 246| 246| 241| 121| 109 | 100
Residential 17.7 71| 134| 138| 168| 609 | 91.7| 73.2| 818 | 21.2| 196 | 16.7
Pilots TOU
Subtotal 17.7 71| 134| 138| 168| 609 | 91.7| 732| 818 | 21.2| 196 | 16.7
Total 577.5| 670.1 | 655.9 | 720.3 | 778.6 | 909.0 | 985.9 | 927.3 | 944.1 | 818.7 | 731.8 | 566.7
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Ex Ante Impacts - 2025 Program SCE 1-in-10

Program
AP-I 10.9 155 22.2 28.3 31.0 32.8 314| 319 32.0 26.7 19.9 13.0
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1 | 167.9| 167.6 | 168.4 | 168.4 | 166.4 | 172.5| 152.0
BIP-30 374.3| 401.0| 377.4| 390.1 | 381.5| 390.1 | 367.2 | 377.7| 381.0| 374.3| 380.1| 3544
CBP DA 19.9 19.9 19.9 19.9 19.9 19.9
Supply

Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7

Programs
SDP-C 0.0 6.6 8.2 9.8 12.2 134 16.0 13.3 14.0 13.1 9.4 0.0
SDP-R 0.0 21.3 32.7 61.6 | 103.1 | 1455 | 175.7| 147.1 | 1535 | 128.6 58.9 0.0
SEP 0.0 22.0 25.7 274 | 474 65.1 | 105.4 84.0 81.3 67.9 40.1 0.0
Subtotal 5495 | 643.5| 631.0| 693.4 | 748.9 | 822.4 | 870.9 | 829.9 | 837.8| 784.7| 701.5| 540.0
CPP Large 9.5 9.8 104 10.5 104 9.9 9.6 10.0 10.0 10.6 10.3 9.5
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

oa

Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Programs
RTP 11 0.9 1.9 2.0 2.0 14.9 15.2 15.0 145 1.9 1.1 0.9
Subtotal 10.6 10.7 12.3 125 12.4 24.7 24.8 25.0 24.6 12.6 113 10.4
Residential 17.6 17.0 13.4 13.8 16.8 60.7 91.4 73.0 81.5 211 19.6 16.7

Pilots TOU

Subtotal 17.6 17.0 13.4 13.8 16.8 60.7 91.4 73.0 81.5 21.1 19.6 16.7
Total 577.7| 671.1| 656.8| 719.7| 778.1| 907.8 | 987.1| 928.0 | 943.9| 8184 | 732.4| 567.1
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Ex Ante Impacts - 2026 Program SCE 1-in-10

Program Apr May Jun Jul ‘
AP-I| 109| 155| 222| 283| 310| 328| 314| 319| 320| 26.7| 199| 13.0
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1 | 167.9 | 167.6 | 168.4 | 168.4 | 166.4 | 172.5| 152.0
BIP-30 374.3 | 401.0| 377.4| 390.1 | 381.5| 390.1 | 367.2 | 377.7 | 381.0| 374.3| 380.1 | 354.4
CBP DA 199 | 199| 199 | 199 199 | 199
Supply
Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7
Programs
SDP-C 0.0 5.9 7.4 8.7 10.9 12.0 14.3 11.8 12.5 11.7 8.4 0.0
SDP-R 00| 204 | 313| 59.0| 98.7| 139.3| 168.2 | 1409 | 147.0| 1232 | 56.4 0.0
SEP 00| 243| 283| 301| 521| 713| 1153 | 91.7| 88.7| 740| 436 0.0
Subtotal 5495 | 644.2 | 6314 | 6925 | 7479 | 821.0| 871.6 | 830.0| 837.2| 783.9| 701.5| 540.0
CPP Large 99| 10.2| 109| 109| 10.8| 10.3| 100 105 105| 111 | 10.7 9.9
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 11 0.9 1.9 2.0 20| 149| 152 150 145 1.9 11 0.9
Subtotal 110| 111} 128| 129| 129| 252 | 252| 255| 250| 131 | 118| 108
Residential 176 | 169| 133| 13.7| 16.7| 605| 911| 727| 813| 210| 195| 16.6
Pilots TOU
Subtotal 176| 169| 133| 13.7| 16.7| 605| 911| 727| 813| 210| 195| 16.6
Total 578.2 | 672.2| 657.5| 719.1 | 777.4 | 906.7 | 988.0 | 928.2 | 943.5| 818.0 | 732.7 | 567.4
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Ex Ante Impacts - 2027 Program SCE 1-in-10

Program Jan Feb Mar Apr May

AP-| 10.9 15.5 22.2 28.3 31.0 32.8 314 31.9 32.0 26.7 19.9 13.0
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1| 167.9 | 167.6 | 168.4 | 168.4| 166.4| 172.5| 152.0
BIP-30 374.3 | 401.0| 377.4| 390.1| 381.5| 390.1 | 367.2 | 377.7| 381.0| 374.3| 380.1| 354.4
CBP DA 19.9 19.9 19.9 19.9 19.9 19.9
Supply
Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7
Programs
SDP-C 0.0 5.3 6.6 7.8 9.7 10.7 12.7 10.6 11.2 10.5 7.5 0.0
SDP-R 0.0 19.6 30.0 56.6 946 | 133.6| 161.3| 135.1| 141.0| 118.1 54.1 0.0
SEP 0.0 26.4 30.6 325 56.2 76.8 | 124.1 98.6 95.2 79.3 46.7 0.0
Subtotal 5495 | 644.7 | 631.6 | 691.6 | 746.8 | 819.5| 872.0 | 829.8 | 836.3| 783.0| 701.4| 540.0
CPP Large 10.3 10.6 11.3 114 11.3 10.8 10.5 10.9 10.9 11.6 11.2 10.3
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 11 0.9 1.9 2.0 2.0 14.9 15.2 15.0 145 1.9 1.1 0.9
Subtotal 114 115 13.3 13.4 13.3 25.6 25.6 25.9 255 13.5 12.2 11.2
Residential 17.5 16.8 13.3 13.7 16.6 60.3 90.9 72.5 81.0 21.0 19.5 16.6
Pilots TOU
Subtotal 175 16.8 13.3 13.7 16.6 60.3 90.9 72.5 81.0 21.0 19.5 16.6
Total 578.5| 673.0| 658.2| 718.7 | 776.7 | 905.4 | 988.5| 928.3 | 942.8| 817.5| 733.1 | 567.8
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Ex Ante Impacts - 2028 Program SCE 1-in-10

Program Apr May Jun Jul ‘
AP-I| 109| 155| 222| 283| 310| 328| 314| 319| 320| 26.7| 199| 13.0
BIP-15 143.7 | 156.4 | 144.2 | 155.7 | 166.1 | 167.9 | 167.6 | 168.4 | 168.4 | 166.4 | 172.5| 152.0
BIP-30 374.3 | 401.0| 377.4| 390.1 | 381.5| 390.1 | 367.2 | 377.7 | 381.0| 374.3| 380.1 | 354.4
CBP DA 199 | 199| 199 | 199 199 | 199
Supply
Side CBP DO 0.7 0.7 0.7 0.7 0.7 0.7
Programs
SDP-C 0.0 4.7 5.9 7.0 8.7 96| 114 94| 100 9.4 6.7 0.0
SDP-R 00| 188 | 28.8| 543| 90.9| 128.3| 1549 | 129.7| 1354 | 1134 | 519 0.0
SEP 00| 281| 327| 347| 598| 81.7| 131.9| 1046 | 101.0| 84.1| 494 0.0
Subtotal 549.5| 645.2 | 631.8 | 690.6 | 745.6 | 818.0 | 872.0 | 829.4| 8353 | 781.9| 701.2 | 540.0
CPP Large 108| 111| 118| 119| 118| 11.2| 109 114 | 114| 121 | 116| 108
Load CPP Medium 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
oa
Modifying | CPP Small 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Programs
RTP 11 0.9 1.9 2.0 20| 149| 152 150 145 1.9 11 0.9
Subtotal 119| 120| 13.7| 139| 138| 260| 26.1| 264| 259| 140 12.7| 117
Residential 174 | 16.8| 13.2| 136| 166| 60.2| 90.7| 723| 808| 209| 194| 165
Pilots TOU
Subtotal 174 | 168| 13.2| 136| 166| 60.2| 90.7| 723| 80.8| 209| 194| 16.5
Total 578.8 | 673.9| 658.7 | 718.1 | 776.0 | 904.2 | 988.8 | 928.1 | 942.0 | 816.8 | 733.3 | 568.1
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