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Executive Summary

The move toward advanced metering infrastructure (AMI) data has the potential to provide
evaluators with a clearer understanding how households and businesses use energy. A single
customer’s metered data at one-hour intervals translate to over 700 data points per month.
With this improved granularity, AMI data provide an important opportunity to develop impact
estimates tailored to specific days or hours, rather than a daily average impact derived from
monthly data.

One of the key areas where AMI data have the potential to improve accuracy is in billing
regression models used to estimate program impacts. Billing regressions have traditionally
relied on monthly consumption data, as these are typically all that have been available for
estimating impacts at the program level. As most impact evaluations focus on developing
annual savings estimates, monthly consumption data have been adequate for these models.
With the advent of AMI data it is time to revisit the billing regression method and explore
ways these traditional models (and other popular impact analysis tools) can be modified to
take full advantage of the additional information available with hourly consumption data.

To explore the potential benefits of using AMI data, Southern California Edison (SCE), on
behalf of SCE, PG&E, SDG&E and SoCal Gas, contracted with Evergreen Economics and SBW
Consulting (the Evergreen team) to conduct an in-depth analysis using AMI data combined
with additional customer data. The two primary goals of this study were to:

1. Use billing regression models and AMI data to estimate HVAC program impacts when
both whole-house AMI data and HVAC end-use metered data are available, and;

2. Use billing regression models and AMI data to estimate HVAC program impacts when
only whole-house AMI data are available (i.e.,, no HVAC metered data are available).

To conduct the study, the Evergreen team needed to identify additional data sources that
could meet the original research objectives. Several alternative data sources were explored,
and three sources were ultimately chosen that provided an opportunity to test billing
regression models and meet (at least in part) the original goals of the study. The three data
sources selected were the following:

¢ Northwest Energy Efficiency Alliance Residential Building Stock Assessment
Metering Study - a publicly available dataset of 15-minute interval, whole house and
end-use submetered consumption data for 103 homes in the Pacific Northwest.

¢ SCE Residential Quality Installation (QI) Program Participant Data - a dataset
containing 1-hour interval whole house metered consumption on 2,039 homes that
participated in the SCE QI Program between January 2012 and December 2014. The
SCE QI Program is a California statewide program designed to achieve energy and
demand savings through the installation of replacement split or packaged HVAC
systems in accordance with industry standards.

SCE: AMI Billing Regression Study i Evergreen Economics
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e PG&E Residential Quality Maintenance (QM) Program Participant Data - a dataset
containing 1-hour interval whole house metered consumption on 1,230 homes that
participated in the PG&E QM Program between January 2012 and December 2014. The
PG&E QM Program is part of a California statewide program designed to achieve
energy and demand savings through assessment and optimization of existing
residential HVAC units through ongoing maintenance.

While no one data source was ideal, together these sources provided the range of data needed
to test the various billing analysis tools and investigate program impacts. A detailed summary
of households in each of these datasets, including their energy consumption and weather, is
provided in the report appendix.

Once the analysis datasets were compiled, the following billing analysis methods were tested
using the AMI data:

Random Coefficients Model

Fixed Effects Model

Princeton Scorekeeping Method (PRISM)
Energy Charting and Metrics Tool (ECAM)

Of these approaches, the most attention was devoted to the random coefficients model that
the Evergreen team adapted for use in the billing analysis. The random coefficients model
involved a multi-stage process that first categorized (“binned”) customers into groups based
on energy use and weather. Once the binning assignment process was complete, separate
models were estimated to predict energy consumption for each bin category. These estimates
were then used to develop load shapes at the customer level, and predicted load shapes were
compared with actual energy usage to estimate program savings.

As discussed throughout this report, we believe the random coefficients model represents a
significant improvement over traditional billing regression models as it provides an efficient
method for tailoring impacts to specific customer conditions (e.g., day types, seasons,
customer types). The random coefficients model also proved to be extremely accurate when
tested against a holdout sample of customers.

The results of the random coefficient model using each of the datasets is as follows:

e SCE QI Program. The random coefficients model was very accurate in predicting load
shapes, with forecasted usage within 1 percent of actual usage for a holdout sample of
customers. To estimate program savings, daily load shapes were estimated for the
post-participation period and then compared with actual usage over the same time
period. The difference between actual and forecasted usage was used as an estimate of
energy savings. For the QI program, estimated annual savings was about 7 percent of
total usage. Most of the savings occurred during peak hours (as would be expected),
which provided additional support the model specification. Seasonal impacts were also

SCE: AMI Billing Regression Study il Evergreen Economics
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calculated and showed larger savings in the summer months, which provides
additional support for the model and illustrates how the model can be used to adjust
savings estimates for different season, rather than using a single average annual
savings value, which is the current standard practice.

e PG&E QM Program. The results of the QM Program analysis were similar to the QI
program. The random coefficients model using QM data was very accurate in
predicting load shapes, with forecasted usage also within 1 percent of actual usage for
a holdout sample of customers. Program savings was estimated as the difference
between forecasted and actual daily energy use in the post-participation period.
Estimated QM Program savings was 3.6 percent annually. As with the QI model, most of
the QM savings occurred during peak hours and during the summer months.

e RBSA Data Analysis. The random coefficients model was also used to estimate the
HVAC load using the RBSA dataset, as this was the only dataset available that both
whole house and HVAC metered data. There was a small sample of homes (n=61 for
homes with central heating or cooling) within the RBSA that could be used to test how
well the model could predict just the HVAC end use. Using this sample, the random
coefficients model prediction was within about 1 percent of actual HVAC load on a
daily basis.

The results from these three different tests of the random coefficients model were very
encouraging. In each case, the model performed very well forecasting energy use for a holdout
sample of customers, with estimates generally within approximately 1 percent of actual usage
for the holdout group. Impact estimates were also generally in line with expectations for both
the QI and QM programs.

In addition to its forecast accuracy, another important advantage of the random coefficients
model is the ability to automatically generate load shapes for a wide range of conditions. The
models tested in this report were able to automatically generate load shapes for daily,
seasonal, and annual values. Given the structure of the binning process, additional load shapes
for other subcategories can be easily generated. This is in contrast to the other traditional
billing analysis methods where separate models typically need to be developed manually,
which makes it difficult to develop load shapes and savings estimates for more than a few
subcategories.

Recommended future research includes using the random coefficients model for a sample of
commercial customers, expanding the analysis to include a comparison group in the model
sample, and experimenting more with model parameters (e.g., binning process, set point
temperatures) to determine what effect underlying assumptions for these factors are
influencing the model results. Analyzing customer information in a separate model to
correlate specific load shapes to customer characteristics is also recommended for future
research.

SCE: AMI Billing Regression Study iil Evergreen Economics
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1 Introduction

As the California investor-owned utilities (IOU’s) transition to short-interval metering of
households and businesses through the implementation of advanced metering infrastructure
(AMI), a greater amount and richer source of data are becoming available to researchers.
These data have the potential to address complex questions about customer behavior as well
as the performance of HVAC, lighting, and other energy-consuming equipment. AMI data
provide an important opportunity for evaluators to better understand the impact that energy
efficiency programs have on energy consumption during specific hours of the day, rather than
a daily average derived from monthly data. A single customer’s metered data at one-hour
intervals translate to over 700 data points per month.

The improved granularity of energy usage data has the potential to provide evaluators with a
clearer understanding of how energy efficiency measures and other factors affect energy
consumption. A common concern among economists and other analysts working with
monthly (or daily) interval data is that the aggregation conceals more than it reveals. The
availability of short-interval meter data allow for potentially more accurate and robust
models.

One of the key areas where AMI data have the potential to improve accuracy is in billing
regression models used to estimate program energy impacts. Billing regressions have
traditionally relied on monthly consumption data, as these are typically all that have been
available for estimating impacts at the program level. As most impact evaluations have
traditionally been interested in developing annual savings estimates, monthly consumption
data have been adequate for analyzing impacts. With the advent of AMI data, there is an
important opportunity to revisit the billing regression method and explore ways these
traditional models (and other popular impact analysis tools) can be modified to take full
advantage of the additional information available with hourly consumption data.

To explore the potential benefits of using AMI data, Southern California Edison (SCE), on
behalf of SCE, PG&E, SDG&E and SoCal Gas, contracted with Evergreen Economics and SBW
Consulting (the Evergreen team) to conduct an in-depth analysis using AMI data combined
with additional customer data. The two primary goals of this study were to:

3. Use billing regression models and AMI data to estimate HVAC program impacts when
both whole-house AMI data and HVAC end-use metered data are available, and;

4. Use billing regression models and AMI data to estimate HVAC program impacts when
only whole-house AMI data are available (i.e,, no HVAC metered data are available).

To conduct the study, the Evergreen team needed to identify additional data sources that
could meet the original research objectives. Several alternative data sources were explored,
and three sources were ultimately chosen that provided an opportunity to test billing
regression models and meet (at least in part) the original goals of the study. The three data
sources we chose were the following:

SCE: AMI Billing Regression Study 1 Evergreen Economics
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e Northwest Energy Efficiency Alliance Residential Building Stock Assessment

Metering Study - a publicly available dataset of 15-minute interval, whole house and
end-use submetered consumption data for 103 homes in the Northwest. The study
collected two full years of data for the sampled homes from April 2012 to September
2014. The resulting database includes both whole house and HVAC submetered data at
15-minute intervals. These data include submetered end use data but no program
participation data, so there are no impacts to be measured. These data were modeling
with the following approaches: random coefficients regression, Energy Charting And
Metrics, and PRISM.

¢ SCE Residential Quality Installation (RQI; QI) Program Participant Data - a
dataset containing 1-hour interval whole house metered consumption on 2,039 homes
that participated in the SCE QI Program between January 2012 and December 2014.
The SCE QI Program is a California statewide program designed to achieve energy and
demand savings through the installation of replacement split or packaged HVAC
systems in accordance with industry standards. Program data included household and
program participation information including the home climate zone and date of
participation in the program. The study team created the final analysis dataset by
merging the program data and AMI data using a unique customer ID. These data are
program data and include homes that were subjected to an energy efficiency
intervention and thus, energy impacts can be measured. However, these data do not
include submetered end use data. These data were modeled with the following
approaches: random coefficients regression, fixed effects regression, and ECAM.

¢ PG&E Residential Quality Maintenance (RQM; QM) Program Participant Data - a
dataset containing 1-hour interval whole house metered consumption on 1,230 homes
that participated in the PG&E QM Program between January 2012 and December 2014.
The PG&E QM Program is part of a California statewide program designed to achieve
energy and demand savings through assessment and optimization of existing
residential HVAC units as well as enrolling customers in an ongoing maintenance
agreement with a qualifying contractor that performs two maintenance calls per year
in the pre-cooling season and pre-heating season. Similar to the SCE QI program, the
PG&E QM program data included household and program participation information
including technology type, climate zone, and date of participation in the program.
These program data include homes that were subjected to an energy efficiency
intervention and thus, energy impacts can be measured. However, these data do not
include submetered end use data. These data were used in modeling with the following
approaches: random coefficients regression, fixed effects regression, and ECAM.

SCE: AMI Billing Regression Study 2 Evergreen Economics



EVERGREEN
ECONOMICS

While no one data source was ideal, together these sources provided the range of data needed
to test the various billing analysis tools and investigate program impacts.! A detailed
summary of households in each of these datasets, including their energy consumption and
weather, is provided in the report appendix.

The Evergreen team combined each data set with weather data obtained from the National
Oceanic and Atmospheric Administration (NOAA) to develop datasets with both consumption
and weather data. We selected weather station data based on proximity to each home’s zip
code, matching climate zone, and availability of complete hourly data.2 The selection process
resulted in hourly data for 95.5 percent of hourly observations. We performed additional
analysis to identify unreasonably high or low temperature readings, based on the record high
and low temperatures in each climate zone. Missing observations, and temperatures identified
as unreasonable were imputed using the next closest weather station if available; otherwise,
they were imputed with the average of the preceding and following temperature reads.

Once the analysis datasets were compiled, several billing analysis methods were explored
using the AMI data. During the course of this research, however, it became apparent that an
innovative new analysis method - the random coefficients model - has the potential to be a
ground breaking impact evaluation approach that fully utilizes the benefits of the more
granular AMI. As discussed throughout this report, we believe the random coefficients model
represents a significant improvement over traditional billing regression models as it provides
an efficient method for tailoring impacts to specific customer conditions (e.g., day types,
seasons, customer types). The random coefficients model also proved to be very accurate
when tested against a holdout sample of customers. Additionally, the automated method
developed to group the customer data allows for multiple models to be run relatively easily
for different subgroups of interest. Since the random coefficients model has not been used
previously for impact evaluation, the decision was made collectively by Evergreen and the
[I0U/CPUC Study Team to devote the majority of project resources to testing the method and
documenting the initial model exploration results.

In addition to the random coefficients model, this research also explored the following more
traditional billing regression analysis methods:

¢ Fixed Effects Model
e Princeton Scorekeeping Method (PRISM)

1 An example of an ideal dataset would have been a single program dataset with at least 12 months of pre- and post-
intervention whole home energy consumption, sub-metered HVAC consumption, weather data, demographic and home
characteristics data such as occupancy and home square footage, and detailed HVAC equipment information.

2 The selection criteria chose the closest weather station to each home, but only considered weather stations that were
located in the same climate zone as the home and had hourly data for 2012-2014. This resulted in 60 different weather
stations being assigned to the 428 different zip codes. On average, the selected weather station was 17.8 miles from homes
that participated in the SCE program and 12 miles from homes that participated in the PG&E program.

SCE: AMI Billing Regression Study 3 Evergreen Economics
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e Energy Charting and Metrics Tool (ECAM)

These other methods were given less attention in this research, however, to allow for more
exploration of the random coefficients model. The results for each of these alternative
methods are provided in the report appendix for context, as they allow for the random
coefficient model to be compared with results obtained from more traditional billing analysis
techniques.

The remainder of this report presents the random coefficients model, with comparisons to the
other alternative analysis methods where appropriate. The report concludes with
recommendations for future research.

SCE: AMI Billing Regression Study 4 Evergreen Economics
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2 Random Coefficients Model

The primary focus of our AMI analysis ultimately was the random coefficients model, which
we believe has great potential for utilizing AMI data to estimate energy savings. Before
describing the random coefficients model, it is important to first understand some of the
limitations of the standard billing regression model (including the fixed effects specification)
that has traditionally been used in impact evaluations.

The standard approach in regression analysis is to focus on the average response of the
population of interest. With a billing regression, the model produces a regression line that
represents the average energy use across all customers included in the model. The standard
billing regression is often limited to one or two coefficient estimates to calculate savings for all
customers included in the sample. Variations of the regression model can be developed that
produce separate savings estimates for sub-groups of customers but these can be
cumbersome to process, as each model needs to be developed and evaluated separately.

Instead of modeling only a single average energy use or energy savings for all customers, the
random coefficients model looks at each customer’s energy consumption over time and
develops savings estimates tailored to specific customer types, and/or weather conditions.
The term “random coefficients model” refers to a framework that provides a distribution of
model parameters across customer types rather than a single average value. By focusing on
the trajectory of each customer instead of the average across all customers, the random
coefficients model is able to provide additional information about the changes in energy usage
for individual customer types and/or weather conditions. The random coefficients modeling
approach still produces a population-based model and savings estimates, equivalent to the
standard billing regression approach, but the population model coefficients are aggregated
from the customer-specific coefficients.

The random coefficients model works by explicitly accounting for two separate sources of
variability commonly found in interval energy-use data. The first, within-subject variability,
represents the variation in energy usage throughout the day by an individual customer. The
second, among-subject variability, represents the variation in energy use across customers and
varying weather conditions experienced by each customer.

In summary, the traditional billing regression model will produce a single impact estimate
that is then applied universally to all the participants in the program. The random coefficients
model, in contrast, produces savings estimates that are tailored to individual customers based
on energy use and weather conditions. Both approaches produce average program-level
savings estimates that are suitable for most program evaluations. The random coefficients
model achieves this by aggregating up the individual customer-level savings values. As
discussed more below, these disaggregated values can be used to provide a richer picture of
energy impacts by providing separate savings estimates based on customer type, day type
(weekend vs. weekday) and season.

SCE: AMI Billing Regression Study 5 Evergreen Economics
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2.1 Random Coefficients Model Development Process

Figure 1 outlines the steps followed to develop the random coefficients model, which
combines first stage data categorization process (referred to as “binning” below) and a second
stage random coefficients model to estimate the hourly energy use within each bin in both the
pre-participation and post-participation period. The process used to describe each of these
stages is described in more detail following the figure.

SCE: AMI Billing Regression Study 6 Evergreen Economics
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Figure 1: Random Coefficients Model Approach

Stage 1: Binning

Stage 2: Random Coefficients Model

Stage 3: Savings Estimation
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* The fixed effects model in the first stage is a simple billing model that estimates the weather-normalized household usage
for each individual home. This estimate is used to identify low, medium, and high use households for the binning procedure.
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2.1.1 First Stage: Binning Process

In the first stage of our modeling approach, we use a fixed effects regression model to
estimates of daily baseload electricity use for each home, controlling for outside air
temperature.3 The fixed effects model specification is as follows:

DailykWh,, = a, + b(CDD,,)+ b,(HDD,,) +e
Where .
DailykWh,, = Daily KWh consumption for customer i on day +.
CDD,, = Cooling degree days (CDD) for customer i on day .
HDD,, = Heating degree days (HDD) for customer i on day ¢.
a,= Customer specific constant (i.e., baseload weather normalized consumption)
b,, b,= Coefficients estimated in the regression model
€ ,= Random error assumed normally distributed

A characteristic of fixed effects models is the estimation of a specific constant, or intercepts
parameter, a;, for every customer site. This constant varies by customer site and accounts for
time-invariant effects on consumption. In the model specification above, the constant can be
interpreted as site-specific baseload consumption after controlling for variation in outside air
temperature (CDD and HDD, using a base temperature of 65 degrees Fahrenheit). Using
statistical software we estimate this constant and obtain and estimate of baseload energy use
for each customer site. We then ranked the homes in ascending order of baseload energy use
and assigned each home to one of 20 “home groups” based on each home’s weather
normalized home usage, prior to program participation. In this way we group homes with
similar energy consumption together. Each home group represents about five percent of total
daily electricity (baseload) usage for the homes in our sample. Because of this, the number of
homes in each bin varies, but the amount of daily kWh each bin represents is approximately
the same. 4

3 Before running the fixed effects model, we removed days with fewer than 24 observations (one per hour) from the SCE QI
Program and PG&E QM Program datasets to ensure that inclusion of incomplete days does not bias our estimates for daily
consumption.

4+ Homes that are vacant in the pre-period due to long vacations, tenant turnover in rental properties, or other reasons will
naturally fall into the lowest home group. If the home is not vacant during the post-period, the home’s total usage will
increase greatly and may mask program savings. The opposite is expected to be true as well. This is not a limitation of the
binning procedure, but is a limitation on any analysis conducted with these data. If we had access to more information about
these buildings (e.g., occupancy, owned vs. rental property, vacation vs. permanent residence), we could incorporate it into
the binning procedure to limit any bias it may have on the resulting program savings estimates. In order to limit this potential
for bias, we removed homes with average daily consumption of less than 5 kWh per day during the study period.
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Next, we characterized every day that each home experienced in terms of the weather and day
type. To create weather groups, we computed the cooling degree hours (CDH) for each hourly
observation using a base temperature of 65 degrees® Fahrenheit, and then took the average of
these hourly values to create a single cooling degree day (CDD) value for each home on each
day (i.e., each “home-day”) in the study period. Next we rounded the CDD up to the next
integer and assigned it to a CDD group. For example, an hour with an outdoor temperature of
66.2°F would have a CDH of 1.2 (66.2°F - 65.0°F = 1.2). If the average of all 24 CDH was 1.4, it
was rounded up to 2 and would be assigned to CDD group 2. For annual models, we repeated
this process to assign days to heating degree day (HDD) groups, again using a base
temperature of 65 degrees Fahrenheit. Categorizing days using outdoor temperature in this
manner explicitly incorporates temperature into our modeling approach. To reflect possible
differences in energy usage between weekends and weekdays, we also binned home-days
based on the day type. Weekends were assigned to “day type” group 1 and weekdays were
assigned to day type group 0.

Lastly, we combined all groups to create home-day bins containing only one type of home on
one type of day. These bins describe the home-days in our sample based on the home group
(baseline weather normalized energy usage), weather group (CDD and/or HDD), and day type
group (weekday versus weekend).® Each home remained assigned to just one home group, but
because temperature and day type changes day-to-day, each home had home-days that were
assigned to many different bins.

This binning process has the following benefits:

e Each bin has only one type of home on one type of day. This means that variation in
CDD is controlled for in the bins so it does not need to be included as a variable in the
model specification. The same is true for all other binning factors like HDD, day type,
and each home’s baseline energy usage.”

e We are modeling home-days rather than households so we are able to exclude
individual days with missing observations from the data. For example, we can remove
specific days with less than a complete 24 hours of hourly data (e.g., remove three days
from home 113’s data because they have 22 hourly observations), rather than limiting
the analysis to homes with flawless data throughout the study period (e.g., remove
home 113 entirely).

5 Future research will explore identifying the balance point on a per-building basis, rather than just assuming a constant 65
degrees.

6 For example, consider a home-day on the weekend from a home whose baseline usage is in the 22nd percentile, on a day
with a CDD of 1.4 and a HDD of 7.8. This home-day is part of home group 5, CDD 2, HDD 8, and day type 1; it is therefore
assigned to home-day bin 05-02-08-1.

7 If additional information is known about these households, such as HVAC size or conditioned floor area, then this
information could be used to further refine the binning process. This would help avoid the possibility of grouping together
houses that have similar total consumption but are very different in other factors (e.g.,, equipment holdings, envelope,
occupancy) that affect energy use.
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e When binning annual observations by household group, weather, and day type, only
one model is required. The output is generated at the bin-level so the model allows
creation of load shapes and savings estimates for each specific bin (i.e., a specific
combination of home group, weather, and day type), group (e.g., home group 20 on all
possible days, the highest users), or at the program-level (i.e., incorporating all bins),
without the need to run additional models.

e Participant households with no post-period observations are still useful when
constructing models of the pre-period because they are simply a series of home-days.
Their pre-period observations can be grouped with similar home-days of households
that do have post-period data. Later in the analysis, households with no post-period
observations are automatically excluded from the impact estimates.

2.1.2 Second Stage: Random Coefficients Model

For the next stage, we randomly selected 70 percent of homes to be used in a random
coefficients regression model to develop predicted hourly load shapes for each home-day bin
using pre-period data. The remaining 30 percent of homes were set aside as a holdout sample
to test the performance of the predicted load shape.8 In this way we ensure that the predictive
power of the model is tested against data that were not used to develop the model.

We computed the average hourly kWh value for the homes in each home-day bin selected for
modeling. These average hourly values of kWh represent the average load shape for each
home-day bin in the final regression model. For large datasets like the annual SCE QI model,
which has thousands of observations in a single bin, this approach cuts down on processing
time without introducing bias for the resulting coefficients. If processing time is not a concern,
all observations can be included in the model.

We specified a random coefficients model because this approach allows us to simultaneously
model the daily load shape (i.e., hourly kWh usage) of each home-day bin while accounting for
covariance with other home-day bin load shapes. Unlike a typical fixed effects regression,
which produces a single set of coefficients and household-specific constants, the random
coefficients model produces a vector of regression coefficients for each home-day bin. Our
final random coefficients model specification is as follows:

8 Comparing the model to a random sample of multiple hold out groups will be explored in more detail in the next phase of
this research.
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5 5
kW _Hr,, = a b, ,(ChangeH,,) +Q b, (ChangeH,, * H,,)+&

j=1 k=1

Where .
kw _Hr,, = Mean kW consumption for homes in bin i during hour ¢.

ChangeH,, = An array of dummy variables (0,1) representing hourly changepoints, taking a value
of 1 if an hourly observation falls between two changepoints. In our final model, we
use the changepoints 5am, 8am, 3pm, 6pm, 8pm, and midnight.

ChangeH,, > H,, = An array of variables that interact the dummy changepoint variables with the hour

of the day.

b. ., b, ., = Coefficients estimated in the model for homes in bin i.

Jii?

e = Random error, assumed normally distributed.

Using the above model specification we generate coefficients for:

e The pre-period for the 70 percent modeling sample. We use these coefficients to test
the model’s ability to predict pre-period consumption in the 30 percent hold out
sample.

e The pre-period using 100 percent of homes. Once we are satisfied with the model
predictions compared to the holdout sample, the full sample is then used to estimate
the model to take full advantage of all available data. We use these coefficients to
develop predicted post-period consumption in the absence of the energy efficiency
program intervention.

These coefficients are used to test the model and develop savings estimations as explained in
the following section.
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2.1.3 Third Stage: Savings Estimation

The first step in our savings estimation approach is to test the predictive ability of our model.
We compare the hold-out sample predicted pre-period hourly kWh values, developed using
the coefficients from the 70 percent modeling sample, with the actual pre-period hourly kWh
values of our holdout sample. If our model is performing well, the predicted pre-period hourly
kWh and actual pre-period hourly kWh should be similar, with any difference representing
the error that exists in our modeling approach. We create an hourly adjustment factor from
this comparison to account for any error, which we use later in the process to improve our
modeling predictions.

We then subject the post-period data to the same binning process as we did to the pre-period
data (in the first stage). Each individual home remains in the same weather-normalized usage
group that they were assigned to in the pre-period, which helps isolate the effect of the
program intervention occurring in the post-period by holding the expected general usage
constant throughout the analysis period.? Next, each day is assigned to a weather group (by
CDD and/or HDD) and day type group (i.e., weekdays versus weekends).

After assigning each home-day in the post-period to a home-day bin, in an identical fashion to
the pre-period data, we import the predicted hourly pre-period kWh values for each home-
day bin in the random coefficients regression model. We then multiply each prediction by our
adjustment factor to correct for any error we found in our modeling approach (from the
holdout sample). This process gives us a predicted estimate of each household’s consumption
during each hour of the post-period if they had not participated in the program.

We compare the predicted post-installation hourly kWh values (based on the pre-period
consumption model and post-period weather data) with the actual post-period hourly kWh
values. This is essentially comparing predicted household consumption, had the program
participation not occurred, to actual post-period consumption on days with the same weather
conditions and day types. When actual post-period consumption falls below the predicted
hourly kWh, this indicates energy savings during that hour attributable to the program. In
essence, the estimated program savings is the difference between the predicted post-period
hourly kWh and the actual post-period hourly kWh adjusted for any error found in the first
step of the savings estimation.

9 Households with no pre-period observations are automatically removed because they do not have a baseline coefficient
group (from the initial fixed effects regression model), making it impossible to assign them to a kWh-bin. Households with no
post-period observations are retained and used to improve the pre-period models, but they are also automatically removed
when calculating impacts.
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Example of Daily Savings Estimates

Unlike a fixed effects regression, the relationship between program savings and each control
variable (e.g.,, CDD) is not explained with a single coefficient or series of interaction terms.
Instead, the random coefficients model produces a full set of coefficients for each bin, where
each bin has a different combination of values for the control variables. The resulting output
reflects the dynamic relationships between program savings and each control variable (e.g.,
separate CDD coefficients for each home-day bin). The following example demonstrates how
the random coefficient model’s daily savings estimates for each bin are used to estimate the
program-level average daily kWh savings.

Table 1 shows the average daily savings estimate for each group and bin from an example
model of an energy efficiency program during weekdays in summer months.1? The columns
show households grouped by their weather normalized energy usage in the pre-period for
each home (highest users on the right) and the rows show days grouped by the temperature
via cooling degree-days!! (hottest days on the bottom). Each cell shows the estimated
program savings (kWh per day) for a specific home-day bin. We automatically color-coded the
cells with the highest kWh savings in dark blue and the lowest kWh savings in dark red;
colorless cells fall in the middle of this spectrum. Within each household group, there are
home-days from a wide range of temperatures, each with their own savings estimate.
Similarly, each group of days with similar temperatures (i.e., CDD) includes home-days from a
range of households (i.e., high, mid, and low users), which experience a wide range of daily
kWh savings. Negative savings (dark red cells) could indicate that the cooling equipment was
either broken or unused in the pre-period.

10 The tables in this section are derived form a hypothetical example to illustrate the capabilities of the random coefficients
model, the tables do not reflect specific analysis presented in the results.
11 The row labeled “5” for instance is made up of home-days where CDD=5.
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Table 1: Example Program Savings (kWh per day) by Bin

Household®&roups

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20| Total
45 49 55 -28 16 49 309 -35 -40 26 52 39 -7.7 25 255 -88 -159 00 -0.8 0.0| -0.8
15 -02 -38 -89 -72 -53 -68 -100 -80 -04 -72 -69 06 -27 -69 -7.5 -160 -7.7 -15.1 -13.5| -6.7
-3.0 -2.7 -28 -80 -24 -64 -50 -100 98 -32 -43 -46 -08 -59 -61 -33 -07 -3.6 -2.0 148( -4.7
-28 -48 -81 -34 -20 -33 -39 -45 -20 -09 -11 -24 51 -61 79 40 51 38 25 188| -2.0
-36 -20 41 -14 05 04 -11 -37 -08 -10 -22 20 54 25 42 06 130 69 103 22.0| 15
-26 -35 -42 -04 -12 08 06 -27 43 22 00 70 06 7.6 87 3.0 104 33 217 237 27
40 -19 -42 08 -21 -03 12 -39 13 18 33 24 44 13 114 7.1 105 114 174 30.7| 3.0
45 -21 -47 -10 -06 06 -10 -23 42 14 23 63 18 -12 58 66 11.5 9.2 153 254( 2.0
9 -48 -35 35 -09 42 22 35 -11 56 26 68 45 15 08 84 91 124 6.2 19.0 378 238
0(f -57 -29 -28 -05 17 29 13 00 53 18 54 29 32 08 66 95 157 11.1 211 304| 3.0
11| 62 -37 -50 -22 -16 17 29 08 77 16 47 37 59 -01 106 93 131 6.0 17.0 249| 2.2
12 66 -36 -25 -07 -01 18 56 30 91 45 116 67 66 -02 150 153 142 17.0 224 413| 5.2
-75 -36 -39 12 08 38 56 45 82 69 114 83 80 86 134 186 139 159 264 33.2| 54
14| -76 02 -42 41 52 54 51 82 87 73 131 124 81 94 162 216 196 21.1 293 46.1| 83
15 =727 -20 -28 11 59 57 30 71 79 88 113 106 9.7 9.8 20.2 17.2 205 15.7 229 28.0| 7.2
16| -84 -13 11 62 67 51 64 7.1 116 9.8 142 146 105 13.6 20.0 168 18.0 16.3 169 209| 7.9
171 83 -28 -53 13 74 96 110 114 155 89 111 146 173 148 143 226 209 22.1 413 354| 87
18 -88 -1.8 3.8 00 62 65 185 109 138 79 103 142 173 151 26.5 185 20.7 13.9 33.1 299| 89
19/-10.7 -06 25 19 -02 84 179 11.2 142 16.7 157 15.0 19.1 229 31.7 23.8 274 199 23.6 479| 11.3
20/-116 -41 -3.7 04 11.8 98 123 179 86 10.7 11.6 153 18.0 187 259 224 18.1 249 319 31.0( 9.2
21| -83 -80 6.2 -14 141 148 209 122 101 6.4 103 144 204 20.7 23.1 22.6 204 16.7 30.4 245( 9.7
22| -49 -83 122 -32 218 93 235 155 13.7 16.1 11.7 26.6 184 163 27.0 285 26.2 22.1- 37.1| 13.9
23| -78 -73 106 -79 -24 180 23.7 13.7 140 98 103 53 51 140 163 19.8 122 239 26.3 30.6( 7.7
24| -76 -59 96 4.7 33 105 23.7 194 19.7 128 22.1 169 25.6 28.0 15.8 27.8 20.7 23.8 27.5 33.0( 11.6
25| -55 -22 162 11.2 20.8 84 12.0 128 84 215/ 469 138 12.8 188 8.9 340 21.6 123 30.7 37.7| 10.3
Total 63 -1.7 -04 04 33 43 57 47 85 60 89 83 84 75 145 144 168 144 223 321| 6.0

0N UL WN

CoolingDegree-Day@Groups
-
w

Table 2 shows the count of home-days in the post-period that was assigned to each bin based
on observed energy use (also from an example model). As with the previous table, we
automatically color-coded the cells with the highest count in dark blue and the lowest count in
dark red, white cells fall somewhere in the middle of this spectrum. Hence, this table shows
the actual distribution of participant households and the weather they experienced in the
summer of 2014 (i.e., the post-period for this model). In this example, there are more mid-
temperature days with CDDs ranging from 7 to 17 than especially high or low temperature
days within each of the household groups, as well as overall.12 Each type of home-day is not
equally represented, hence, the average program-level savings cannot simply be the average
of the bin-level savings shown above. Instead, the program-level savings is a weighted average
of the bin-level savings, weighted by the number of home-days in each bin.

12 Two of the home-day bins do not have any observations in the post-period, these are HH18:CDD1 and HH20:CDD1. In this
example, there are a large number of home-days assigned to household group 1 and CDD group 25 because there were many
days with CDD of 25 or greater. Some options for addressing this issue are to add more CDD groups (adds to processing time)
or redefine the groups to assign a wider range of CDD to each bin (increases variation in the other bins). We explored these
options for the annual models (RBSA, QI, and QM).
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Table 2: Example Number of Home-Days in Each Bin

Household®&Groups

9 10 11 12 13 14 15 16 17

1

2

3

4

5| 56 109 106 94 65 68 122 108 96 102 72 122 70 8 8 79 90 68 67 53| 1,721

6| 8 119 126 109 103 78 114 92 79 8 76 94 67 104 81 74 69 61 70 44| 1,726

7| 147 240 231 207 174 165 224 213 177 191 144 240 131 184 172 150 152 127 134 95| 3,498

8| 255 310 295 293 261 219 250 193 174 211 196 211 175 208 190 155 149 145 143 84| 4,117
& 9| 235 322 314 310 262 232 250 207 182 237 168 253 170 165 180 153 142 105 132 79| 4,098
© 10| 348 444 348 358 334 291 291 216 245 309 269 281 232 233 233 193 194 172 152 107| 5,250
8 11| 488 517 411 423 327 371 360 258 326 350 300 298 283 247 231 185 231 190 158 82| 6036
G 12| 254 299 279 254 220 205 230 197 179 217 175 218 171 169 164 147 143 133 120 79| 3,853
@ 13| 38 370 317 299 250 256 261 204 209 257 222 220 205 218 177 159 170 155 140 83| 4,558
& 14| 439 457 347 380 324 309 324 271 313 315 310 301 290 281 279 202 249 239 166 150| 5,946
8 15| 344 315 251 267 234 217 242 178 204 229 223 207 205 198 192 178 165 190 116 113| 4,268
£ 16| 359 316 243 233 223 218 233 157 185 214 208 170 189 190 165 147 154 170 117 89| 3,980
S 17| 414

18| 210

19| 292

20 86

21| 107

22| 261

23| 87

24| 161 56 49 57 52 52 44

25 348 541 225 254 251 167 498 242 160 200 59 184 71 138 130 234 170 341 490
Total [7,318 5,388 4,974 4,433 3,816 3,724 3,998 3,577 3,404 3,721 3,270 3,370 3,114 3,011 2,857 2,492 2,759 2,508 2,315 1,877

SCE: AMI Billing Regression Study

15 Evergreen Economics



Oe

EVERGREEN
ECONOMICS

Computing Standard Errors

As discussed previously, in the second stage random coefficients modeling we estimate
individual regression models for each of the approximately 1,000 home-bins, based on the
average kWh usage for each hour within each bin. While the output of each regression model
includes the statistical error between the actual and predicted kWh for each home-bin, these
errors represent the different between the mean hourly kWh and the predicted mean hourly
kWh for each home-bin. What is needed is the error between the actual hourly kWh and
predicted mean hourly kWh usage for each hour of each actual home-day in the pre-period. To
obtain the correct values, we computed the standard errors for each hour-of-the-day in each
home day bin by:

Squaring each error between the actual and predicted hourly kWh usage

Summing the squared errors for each hour of each home-day bin

Computing the variance for each hour of each home-day bin

Computing the standard deviation of each hour of each home-day bin as the square
root of the variance

5. Computing the standard error of each hour of each home-day bin by dividing the
standard deviation by the square root of the number of home-days within each bin

B W

With 24 hours per home-day and approximately 1,000 home-day bins, we computed
approximately 24,000 standard errors. Finally, because this exercise was conducted using the
pre-data, we computed the relative standard error for each hour of the day for each home bin
as the ratio of the standard error to predicted hourly kWh usage. These relative standard
errors are then applied to the post-data to compute an estimate of the standard error for each
hour of each home-day in the post-period.

2.2 Random Coefficients Model Results

This section presents the results of the random coefficients models using the NEEA RBSA
program data, SCE’s QI program data and PG&E’s QM program data. We used the NEEA RBSA
data initially to develop and test the validity of the random coefficients model. Next, we turned
to the SCE QI and PG&E QM program data to estimate program impacts. For each of these
sources, we provide detailed results of two models, a seasonal model and an annual model.

The seasonal models for the SCE QI and PG&E QM programs use data from weekdays only
during summer months. This model is intended to demonstrate that the random coefficients
model is able to predict energy load and consumption for homes with cooling equipment on
warm days, a quality that is particularly important when assessing programs where all the
savings come from changes in the energy usage of air conditioning equipment.

Similarly, the seasonal models for RBSA include a summer cooling model that uses data from
summer months in homes with cooling equipment and a winter heating model that uses data
from winter months in homes with heating equipment. Unlike the SCE QI and PG&E QM
seasonal models, these use data from both weekdays and weekends.
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The more complex annual models predict energy load and consumption for participating
homes over the entire year on both weekdays and weekends, considering both heating and
cooling needs. The annual model generates an annualized savings estimate by detecting all
savings during warm summer days when the air conditioning is used, but unlike the summer
model, it also looks for evidence of savings on colder days (e.g., heating thermostat setback,
replacement/repair of heat pumps used for both heating and cooling, fan savings), or savings
on unseasonably warm days in non-summer seasons.

All of these models follow the same basic procedure described previously:

1) Bin the hourly observations into groups of home-days;

2) Run the random coefficients model to predict hourly consumption; and

3) Estimate program savings by comparing the model’s predictions of energy usage
without the program to what households actually used after participating.

We have provided a series of tables and charts for each model including:

e Atable describing the groups used in the binning procedure;

e A graph comparing our pre-period model to the actual consumption of a holdout group
in the pre-period;

e A graph comparing our post-period consumption predictions in the absence of
program participation (based on the pre-period model and observed post-period
weather) with actual consumption in the post-period; and

e A graph depicting hourly estimates for program savings with error bars.

Since the RBSA data do not involve any efficiency programs that save energy (recall that this is
a general population building stock assessment), the RBSA discussion does not include
estimates of post-period consumption or hourly savings estimates. The RBSA models are
useful, however, as they provide an initial test of the random coefficients method and
demonstrate how well the model performs with very few households, a variety of HVAC
equipment, and in regions with much lower average temperatures than the QI and QM
programs.

Evergreen experimented with a large variety of alternative model specifications and filters as
part of this research. This included modeling homes by climate zone, including lagged
temperatures in the binning procedure, selecting different change points, using a 30 percent
holdout sample from each bin, estimating savings for a full year of typical meteorological year
(TMY3) weather datal3, and many other specifications and filters. Additional information

13 Typical meteorological year (TMY) data are collations of data for a particular location over several years (15-30 years)
that form a representative typical year of weather, rather than a specific year with extreme weather events. The TMY3 data
are derived from the 1991-2005 National Solar Radiation Data Base (NSRDB) archives.
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about our findings from the research into alternative specifications is provided in the report
appendix..

2.2.1 Residential Building Stock Assessment Model Results

Data from NEEA’s RBSA were used first to develop and test the random coefficients model
approach. The RBSA data include detailed premise, temperature, submetering, and whole-
home metering for a sample of homes in the Pacific Northwest. These homes did not
participate in any energy efficiency programs, so there are no impacts to be measured.
However, these data allowed the Evergreen team to validate the model with data from homes
in a cooler climate, as well as compare our model’s predictions of the HVAC load to the actual
submetered HVAC data.

The sample for the RBSA model included 99 homes in the Pacific Northwest, with both whole-
home and submetered HVAC consumption data at 15-minute intervals from April 2012 to
September 2014.14 For this model, we aggregated the consumption data into hourly intervals.
While the random coefficients model can handle 15-minute intervals, we believe hourly
intervals are sufficient for this research, and make the model more comparable with the
subsequent models developed for the SCE QI program and PG&E QM program.

Since this model includes all seasons and day types, we binned the home-days to four-
dimensional bins, and the binning results are summarized in Table 3. For the annual RBSA
random coefficients model, we included 5 household groups, 9 CDD groups with a cap of 26
CDD, 14 HDD groups with a cap of 70 HDD, and two day types.1> Unlike the homes in the SCE
QI or PG&E QM data, the RBSA homes experienced many very cold days and few hot days. For
this reason, we used a larger number of HDD bins that cover a much wider range of
temperatures than the CDD bins. We assigned each rounded HDD to groups of 5 HDDs and
capped the HDD groups at 70, including all days with HDDs greater than 70 to HDD group 70.
This was done to limit the total number of bins and thereby reduce processing time, but for
program evaluations we suggest binning up to the true maximum HDD and CDD in the data.

14 This analysis excludes four of the 103 RBSA households due to a high number of missing observations in the metering data.
15 When modeling only homes with cooling equipment in the summer, the true maximum HDD was much lower, so we binned
by HDD and CDD with 9 bins each with a cap of 26 CDD. When modeling only homes with heating equipment in the winter, we
did not include any CDD bins because the true maximum CDD was 0.
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Table 3: Summary of RBSA Annual Binning

Group Description Number of Groups

Homes Usage — weather normalized annual energy usage grouped by 5
percentile, with 1/5" of the total assigned to each group in order
from smallest to largest

Days CDD — average of CDH rounded up to a whole number, assigned three 9
CDDs per group from 0-26 with all days higher than CDD 26 put into
the last group

HDD — average of HDH rounded up to a whole number, assigned 5 14
HDDs per group from 10-70 with all days higher than HDD 70 put into
the last group and all days lower than HDD 10 put into the first group
Day Type — flag for weekends that separates them from weekdays 2
Total* Home-Day Bins 1,260

Figure 2 shows the actual average hourly total kWh consumption (purple) and predicted
hourly total kWh consumption (yellow) of the holdout sample over the entire study period
(April 2012 through September 2014). The error of each hourly consumption prediction is
depicted with a 95 percent confidence interval shown as bars around each estimate. Most of
these homes are located in regions with moderate heating and very limited cooling needs;
thus, it is not surprising that the annual whole-home load shape resembles the winter and fall
load shapes of homes in the SCE QI and PG&E QM annual models. This graph shows that the
random coefficients model prediction does differ from the actual load in most hours, but the
overall difference is only 1 percent over 24 hours.

16 Some of the combinations of temperatures were not present in the data; this is expected for the HDD and CDD bins in
particular. For example, the data did not include any days that have hourly temperatures ranging from 10°F -90°F, so there
are no home-days assigned to both CDD 25 and HDD 55. Our final model includes 221 bins.
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Figure 2: RBSA Average Daily Predictions vs. Actual Use of Holdout Sample, All Seasons

2.008
1.80% T

L} LT

z T T TN

E 1.60R T -i- | .l. _l_ T I/J_ L J_

[J]

¥ 1408 ! uf

S 1 )

>

© 1200 -

- / T

o =1 N T S

5 ® 1.002 T .

s T\r I Daily&kWh:@

5 osonft Actual: B2.056——

s Predicted: 32.360

B 0.608 ;

= %@ifference: F.0%

o 0.400

o

w

0.208
S 5 5 35 3 3 3 3 3 3 3= 3 3 33 333 323 32 333 = 2
EEEEEEEEEEEESE8888888¢8¢8¢8¢8
& 9 & @ T b 8 R & & 3 49 & 9 & & F b 6 K & & S o
i i i i i i
===RBSARctualf&kWh,FHoldoutR RBSARPredicted&Wh,BHoldoutd

SCE: AMI Billing Regression Study

20 Evergreen Economics



EVERGREEN
ECONOMICS

Figure 3 compares the predicted load shape with the actual load shape for all bins combined,
including all 99 households (i.e., no holdout group) over the entire study period. The modeled
load shape (yellow) aligns even better with actual load shape (purple), with a difference of
about 0.1 percent over 24 hours. The error of each hourly consumption prediction is depicted
with a 95 percent confidence interval shown as bars around each estimate. This result is to be
expected, as the data we are comparing are the same data used to estimate the model, as
opposed to the holdout comparison in which we compared the model results with a sample of
customers that was not used in the model estimation.

Figure 3: RBSA Average Daily Predictions vs. Actual Energy Use of Full Sample, All
Seasons
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The next two figures show the results of the random coefficients model when we restricted
the sample to only include summer months for the 60 homes in the RBSA data with cooling
equipment (Figure 4) or only winter months for the 61 homes in the RBSA data with heating
equipment (Figure 5).17 The error of each hourly consumption prediction is depicted with a
95 percent confidence interval shown as bars around each estimate. The hourly predictions of
the holdout sample are not as precise as when we were using data from all 99 homes due to
the small sample sizes, but with the full sample the model does a good job of predicting

17 This summer model binned homes by household group, CDD, groups of HDD, and day type while the winter model binned
homes by household group, HDD, and day type.
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consumption in both of these cases. This demonstrates that the random coefficients model is
capable of modeling homes with diverse weather conditions and HVAC equipment.

Figure 4: RBSA Predictions versus Actual of Homes with Cooling in Summer Months
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Figure 5: RBSA Predictions vs. Actual Use of Homes with Heating in Winter Months
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The RBSA’s submetered HVAC data gave us a unique opportunity to test the random
coefficients model’s ability to predict HVAC consumption (both heating and cooling loads)
using whole house consumption data only. The method used to develop HVAC load
predictions is detailed below.

The random coefficients model produces hourly predictions of whole-home energy
consumption for each of the 1,260 bins, each containing a single type of home on a single type
of day. We split these predictions into two groups for each type of home:

SCE: AMI Billing Regression Study
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1. Baseline weather days with little to no need for heating or cooling, in the lowest
possible CDD and HDD groups.* In this model, baseline days are days with
temperatures between 55 degrees and 67 degrees Fahrenheit.

2. Variable weather days with some need for heating and/or cooling, in any of the other
CDD and HDD groups. In this model, variable weather days are days with temperatures
below 55 degrees Fahrenheit and/or above 67 degrees Fahrenheit.

If we compare the predictions for these two different types of days for the same group of
homes (i.e. homes with similar weather normalized energy usage), the difference in these
predictions is the model’s predicted weather-dependent consumption. We assumed all of the
weather-dependent consumption is attributable to HVAC equipment.1?

Table 4 provides an example of how this calculation was performed using homes in group 3
(mid-users) on weekdays. The first row shows the consumption for these homes is predicted
to be 31.77 kWh on baseline weather days (days with CDD of 0-2 and HDD of 0-10). The
second row shows a different day with assumed heating load; this day has the same CDD of 0-
2 but higher HDD of 50-55. The model has predicted the homes represented in this second
row will consume an average of 94.36 kWh on this type of day. Comparing this value to the
average consumption on the baseline weather days of 31.77 kWh, we estimate that the HVAC
(weather-dependent) consumption on this type of cold day is 62.59 kWh. The next two rows
show predictions for additional groups of variable weather days, including a day with cooling
load and a day with mild heating load.

Table 4: Example Calculation of Predicted HVAC Consumption

Home Average Predicted Daily Estimated
Group Day Type CcDD HDD Whole-Home kWh HVAC kWh
3 Weekday 0-2 0-10 31.77 -
3 Weekday 0-2 50-55 94.36 62.59
3 Weekday | 14-17 0-10 72.62 40.85
3 Weekday 2-5 0-10 33.43 1.66

18 It would be ideal to isolate days with CDD of zero and HDD of zero to use as a baseline. However, this would require that
the data include many days with an average hourly temperature of precisely 65 (or whatever baseline temperature is
chosen), which was not realistic for the homes in the RBSA data. Instead, we used days with CDD of 0-2 and HDD of 0-10
because these are the most moderate temperature days observed, with very limited cooling or heating required.

19 It is possible that some of the incremental increase in energy usage should not be attributed to HVAC. For example, we
would expect some increase in energy usage for lighting as the days get shorter in the winter.
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Figure 6 shows the average predicted hourly HVAC load (yellow) and actual hourly HVAC load
(purple), as measured by the RBSA submeters. This analysis is using the full sample of 99
homes in all months (as shown in Figure 3), not just those with electric heating in winter
months.

Since homes naturally heat up in the afternoons when the sun is out, we would expect the
majority of heating load on cool days to occur in the mornings when homes are naturally cold
and the occupants are likely to be home and awake. Similarly, we would expect the majority of
cooling load on warm days to occur in the late afternoon and evenings when the home has
been building up heat all day and occupants are likely to be home. Overall, the average daily
HVAC load over the study period (all seasons) will include energy usage from some
combination of heating and cooling. Due to the moderate temperatures in the Northwest, we
expected these homes would have more prominent heating than cooling, corresponding to a
larger HVAC peak in the morning than the afternoon or evening.

The main peak in actual HVAC load for these homes occurs in the morning from 5:00 a.m. to
8:00 a.m., around the time of the first peak in whole-home consumption (Figure 3). The
whole-home model predictions underestimated the HVAC load during these hours by 14.1
percent. When looking at whole-home usage, the model predicts a second and slightly larger
peak in the late afternoon or evening from 3:00 p.m. to 8:00 p.m. The actual HVAC load also
has a second peak during these hours, but it is smaller than the morning peak. The model
overestimated HVAC load during these hours by 13.3 percent. When we look at the actual
consumption data, the HVAC load makes up 41 percent of whole-home energy consumption
from 5:00 a.m. to 8:00 a.m. and 27 percent from 3:00 p.m. to 8:00 p.m., with the remainder of
energy usage coming from other end uses. On a daily basis, the modeled HVAC kWh load is
still a good predictor of actual HVAC kWh load (purple), overestimating the HVAC load by only
1.1 percent over 24 hours. In general the model performed well, given that it only had data
from 99 homes with a variety of heating and cooling equipment, and it is predicting HVAC
load using only whole-home energy consumption data.

Figure 7 presents the model predicted and actual load from the full sample of 99 RBSA homes
for whole home load, HVAC load and non-HVAC load.
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Figure 6: RBSA Average Daily Predicted Hourly HVAC Load, All Seasons
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Figure 8 shows the actual average daily HVAC kWh consumption (purple) and the model’s
prediction of the average daily HVAC kWh (yellow) for each month during the test period of
April 2012 to September 2014. Again, these predictions are based on whole-home energy
consumption, not the submetered HVAC energy consumption. The root mean squared error
(RMSE) for these predictions is 1.27 kWh, which is about 5 percent of average daily electricity
usage by the HVAC equipment?20. The model overestimated HVAC consumption during winter
months and underestimated it during summer months. In general the model performed very
well, given that it only had data from 99 homes (with a variety of heating and cooling
equipment), and the model is predicting HVAC load using only whole-home energy
consumption data.

Figure 8: RBSA Predicted Monthly HVAC Consumption
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The promising results from the RBSA random coefficients modeling gave us confidence in the
approach. To determine how well the modeling approach could predict load shapes and
develop savings estimates from actual energy efficiency program data, we applied the random
coefficients modeling approach to the SCE QI and PG&E QM program data, and present the
results in the following sections.

20 The RMSE and the mean squared error (MSE) are reported for selected results in this report, and are fairly consistent
across model applications.
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2.2.2 SCE Quality Installation Program Results

Once we tested the random coefficients model with the RBSA data and determined how well it
could perform, the next step was to estimate the model using data from an efficiency program
where impacts could be measured. The first program examined is the SCE’s Quality
Installation Program. Each home in the SCE QI Program replaced an existing HVAC system?!
using an installation contractor who received additional training in quality installation
practices through the program. The contractor is responsible for ensuring that the air
conditioning unit is sized property for the home and installs the new unit based on strict
ENERGY STAR requirements, and connects it to the ductwork/distribution system.22 The
quality installation theoretically improves cooling delivery (from reduced runtime and/or
power draw) by preventing common problems that occur during installation, that cause the
new unit to operate below its energy efficiency specification.

Note that the savings discussed here for the QI Program is measured as the difference in
predicted and actual usage in the post-installation period. In the analysis presented here, the
entire difference is attributed to the QI Program. In a formal impact evaluation for California,
we would need to adjust this estimate to account for the difference between the existing
equipment and the standard efficiency baseline designated for the QI Program.23 We would
also need to account for other external factors that may be affecting energy use between the
periods, which may be done by using an appropriate comparison group of non-participating
customers. The use of a comparison group will be addressed more in the next phase of
analysis. Due to the data limitations discussed above, our initial test of the random coefficients
model was limited to a sample of participants only.

Basic SCE QI Program Model — Weekdays, Summer Only

The sample of homes for this model includes all homes in the SCE QI Program with AMI data
for the 2013 and 2014 cooling seasons (i.e., the summer months of July through September).
Since the HVAC units installed through the SCE QI Program are all air conditioners, we
expected the majority of program savings to occur during the cooling season. This initial
model uses only weekday data to avoid possible differences in energy usage between
weekends and weekdays. The resulting dataset includes 1,379 homes dispersed across 9
different climate zones.

Since this model only includes weekdays during summer months, the home-days are assigned
to two-dimensional home-day bins that do not include bins for HDD or day type. For this

21 Eligible homes installed a new package or split system air conditioner or heat pump that is 15 SEER or greater.

22 ANSI/ACCA 5 QI-2010: HVAC Quality Installation Specification

23 [t should also be noted that California (through AB 802) is moving toward a new evaluation protocol where ‘meter-based’
savings would be calculated, and consequently the existing equipment conditions would be used to measure savings. The
method demonstrated here for the QI program is consistent with AB 802 approach.
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model, we used 20 home groups and 25 CDD groups, resulting in 500 home-day bins. We
assigned each rounded CDD to its own CDD group but capped the CDD at 25, assigning all days
with CDD greater than 25 to CDD group 25. This was done to limit the total number of bins
and thereby reduce processing time, but for program evaluations, we suggest binning up to
the true maximum CDD in the data. In order to isolate days with expected cooling, we
removed all days with a CDD of zero. Expanding the weather bins will be explored more in the
next phase of this analysis.

Table 5: Summary of QI Summer Weekday Binning

Group Description Number of Groups

Homes Usage — weather normalized annual energy usage grouped by 20
percentile, with 1/20™ of the total assigned to each group in order of
smallest to largest

Days CDD — average of CDH rounded up to a whole number, assigned one 25
CDD per group from 1-25 with all days higher than CDD 25 put into the
last group (CDD 25)

Total Home-Days 500

Table 6 shows the count of home-days in the SCE QI summer model post-period that was
assigned to each bin. We automatically color-coded the cells with the highest count in dark
blue and the lowest count in dark red, white cells fall somewhere in the middle of this
spectrum. This table shows the actual distribution of participant households and the weather
they experienced in the summer of 2014 (i.e., the post-period for this model). We see more
mid-temperature days with CDDs ranging from 7 to 17 than especially high or low
temperature days within each of the household groups, as well as overall. We also see more
home days in the home groups at the lower end of the usage spectrum.24 This is because each
home group represents about 5 percent of total baseline electricity usage for the homes in our
sample. Because of this, the number of homes in each group varies but the amount of daily
kWh each home group represents is approximately the same.

24 In particular, we see a large number of home-days in home group 1 and CDD 25. One possible explanation for this is that
people commonly go on vacation during summer months, leaving the home unoccupied with minimal energy usage on hot
days. Those who spend very little time at home in the summer are more likely than others to end up being identified as a low-
users (columns on the left).
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Table 6: Number of Home-Days in Each Bin

Household®&Groups

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20| Total
3 9 13 8 10 5 7 9 3 7 3 4 4 5 2 4 4 0 7 0 107
12 45 61 40 42 25 27 40 13 34 13 15 19 22 11 19 20 5 32 2 497
12 41 49 36 25 23 29 36 18 35 15 21 15 21 15 20 21 8 27 6 473
50 100 118 87 67 58 69 80 34 78 41 46 43 51 39 47 53 25 66 12| 1,164
56 109 106 94 65 68 122 108 96 102 72 122 70 88 86 79 90 68 67 53| 1,721
83 119 126 109 103 78 114 92 79 83 76 94 67 104 81 74 69 61 70 44( 1,726
147 240 231 207 174 165 224 213 177 191 144 240 131 184 172 150 152 127 134 95| 3,498
255 310 295 293 261 219 250 193 174 211 196 211 175 208 190 155 149 145 143 84| 4,117
235 322 314 310 262 232 250 207 182 237 168 253 170 165 180 153 142 105 132 79| 4,098
348 444 348 358 334 291 291 216 245 309 269 281 232 233 233 193 194 172 152 107 5,250
488 517 411 423 327 371 360 258 326 350 300 298 283 247 231 185 231 190 158 82| 6,036
254 299 279 254 220 205 230 197 179 217 175 218 171 169 164 147 143 133 120 79| 3,853
386 370 317 299 250 256 261 204 209 257 222 220 205 218 177 159 170 155 140 83| 4,558
439 457 347 380 324 309 324 271 313 315 310 301 290 281 279 202 249 239 166 150( 5,946
344 315 251 267 234 217 242 178 204 229 223 207 205 198 192 178 165 190 116 113| 4,268
359 316 243 233 223 218 233 157 185 214 208 170 189 190 165 147 154 170 117 89| 3,980
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=
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CoolingDegree-Day@roups
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17| 414 340 281 277 215 235 243 181 215 196 205 172 202 181 140 117 147 127 101 45( 4,034
18| 210 169 151 146 9% 120 135 97 123 118 113 90 113 86 76 66 79 100 50 36 2,174
19] 292 183 176 155 109 147 151 118 154 145 120 127 135 107 104 88 116 107 56 57| 2,647
20 86 58 59 45 36 41 46 28 40 49 37 42 37 35 31 88 27 3 14 15 792
21 107 51 43 29 27 28 49 30 43 33 25 34 39 21 29 29 33 42 10 28 730
22( 261 117 103 83 87 78 87 84 82 82 83 78 74 79 73 61 72 75 53 69| 1,781
23 87 34 42 19 22 27 35 30 24 29 13 32 17 14 19 17 12 29 13 26 541

24| 161 75 69 56 49 57 52 52 44 40 39 35 44 33 30 39 33 32 30 33| 1,003
25 F 348 541 225 254 251 167 498 242 160 200 59 184 71 138 130 234 170 341 490 6,932
7

Total ,318 5,388 4,974 4,433 3,816 3,724 3,998 3,577 3,404 3,721 3,270 3,370 3,114 3,011 2,857 2,492 2,759 2,508 2,315 1,877 | 41N

In order to test the reliability of our model, we randomly selected 30 percent of homes as a
holdout sample and then modeled the remaining 70 percent of homes. In addition to the 30
percent holdout group used to test the accuracy of the model’s predictions of pre-period
consumption, we set aside all observations from households in the summer of 2014 before
their new unit was installed.

One concern with comparing pre- and post-period data without a control group is the idea
that there are unseen changes that occur from one period to the next that are not related to
program participation. In this dataset, program participation occurred throughout the
summer, so the pre-period days in the summer of 2014 reflect a wide range of home types and
day types. In theory, if a model constructed with pre-period days in 2013 is able to accurately
predict the pre-period days in 2014, then we can conclude that the pre-period model
generates reasonable estimates for the full summer of 2014, both pre- and post-participation.

Figure 9 shows the comparison of the predicted average load shape across all homes from the
model (yellow) with the actual average load shape for the 30 percent holdout group (purple).
The error of each hourly consumption prediction is depicted with a 95 percent confidence
interval shown as bars around each estimate. As demonstrated in this graph, the model does a
very good job of predicting energy use in the holdout group, with a difference between
estimated and actual usage of about 1 percent over 24 hours.
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Figure 10 presents the comparison of the 2013 pre-installation predicted load shape from the
model with the actual 2013 pre-installation load shape for all kWh-CDD-bins combined for all
1,379 households in 9 different climate zones (i.e., no holdout group). The error of each hourly
consumption prediction is depicted with a 95 percent confidence interval shown as bars
around each estimate. The modeled 2013 pre-installation period load shape (yellow) aligns
even closer with the actual 2013 pre-installation load shape (purple), with a difference of
about 0.1 percent over 24 hours. This result is to be expected, as the data we are comparing
are the same data used to estimate the model. This is in contrast to the holdout analysis where

estimates are compared to actual usage for customers that were not included in the model
sample.

Figure 10: SCE QI Summer Predictions versus Actual of Full Sample, 2013 Pre-Period
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As another test of the model’s reliability, we used the model that was constructed with only
2013 pre-period data to generate predictions of the 2014 pre-period home-days (yellow),
then compared these to the actual 2014 pre-period (purple) shown in Figure 11. The error of
each hourly consumption prediction is depicted with a 95 percent confidence interval shown
as bars around each estimate. Again, the model does a very good job of predicting energy use
in the test period, with a difference between estimated and actual usage of about 1 percent
over 24 hours. Given the very accurate prediction for 2013, the model appears to be capable

of accurately predicting energy usage in the summer of 2014 in the absence of program
participation.

Figure 11: SCE QI Summer Predictions versus Actual of 2014 Pre-Period, Days Not
Included in the Modeling Sample
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Table 7 shows how we derived the post-period predictions depicted in the remaining figures
(Figure 12 and Figure 13). The values in the first two columns (A and B) come from the
holdout sample model of the pre-period, depicted in Figure 9. These two values were used to
calculate the adjustment factor shown in column C, and this adjustment corrects for the small
discrepancy observed between the predicted and actual values in the initial pre-period model.
The values in columns E and F come from the full sample model of the post-period, shown in
Figure 10. Column G shows the adjusted post-period prediction, calculated by multiplying the
post-period model prediction in each hour (F) by the adjustment factor (C). The values in
column H indicate the estimated kWh savings; this is the difference between our adjusted
post-period model prediction (G) and the actual post-period observations (E).
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Table 7: SCE QI Basic Summer Model Results and Calculations (Hourly)

Holdout Pre-Period Model

Post-Period Model Output

Results of Calculations

Actual | Predicted Adj Factor Actual Predicted Adj Prediction | kWh Savings

Hour (kwh) | (kWh) (%) (kWh) (kWh) (kWh) (kWh)

. A B C=A/B E F G=F*C H=G-E
12:00 AM 1.16 1.11 1.05 1.04 1.14 1.19 0.15
1:00 AM 1.02 1.05 0.97 0.92 1.08 1.05 0.13
2:00 AM 0.93 0.99 0.94 0.83 1.02 0.96 0.13
3:00 AM 0.88 0.93 0.95 0.79 0.95 0.90 0.11
4:00 AM 0.86 0.87 0.99 0.78 0.89 0.88 0.10
5:00 AM 0.89 0.81 1.10 0.82 0.83 0.91 0.09
6:00 AM 0.97 0.96 1.01 0.89 0.98 0.99 0.10
7:00 AM 1.01 1.02 0.99 0.92 1.04 1.03 0.11
8:00 AM 1.06 1.08 0.98 0.97 1.10 1.08 0.11
9:00 AM 1.20 1.15 1.04 1.06 1.20 1.25 0.19
10:00 AM 1.35 1.37 0.99 1.18 1.43 1.41 0.23
11:00 AM 1.56 1.60 0.98 1.35 1.67 1.63 0.28
12:00 PM 1.78 1.82 0.98 1.56 1.91 1.87 0.31
1:00 PM 2.02 2.04 0.99 1.79 2.15 2.13 0.34
2:00 PM 2.24 2.27 0.99 2.00 2.38 2.35 0.35
3:00 PM 2.45 2.49 0.98 2.19 2.62 2.58 0.39
4:00 PM 2.63 2.69 0.98 2.35 2.83 2.77 0.42
5:00 PM 2.74 2.71 1.01 2.43 2.84 2.87 0.44
6:00 PM 2.69 2.72 0.99 2.35 2.85 2.82 0.47
7:00 PM 2.48 2.53 0.98 2.17 2.62 2.57 0.40
8:00 PM 2.30 2.37 0.97 2.02 2.44 2.37 0.35
9:00 PM 2.06 2.10 0.98 1.80 2.16 2.12 0.32
10:00 PM 1.71 1.76 0.97 1.50 1.81 1.76 0.26
11:00 PM 1.39 1.42 0.98 1.23 1.45 1.42 0.19
Total 39.38 39.86 34.94 41.39 40.89 5.95

Figure 12 shows the adjusted model prediction of 2014 post-period consumption for all
households that participated in the SCE QI Program. This prediction is based on the pre-
period consumption model and post-period weather data; it represents the expected load
shape for these households in absence of SCE QI Program participation. The error of each
hourly consumption prediction is depicted as a 95 percent confidence interval in bars around
each estimate. The error of the hourly predictions is smallest during the early hours in the
morning and greatest during the evening peak. This is likely due to greater variation in overall
energy usage across households in each bin in the afternoon and evening hours when homes
have more activity, than the early morning hours when there is less activity across all homes.
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Figure 12: SCE QI Summer Predictions of 2014 Post-Period with Error Bars
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Figure 13 compares the post-period predicted load shape (red) with the actual post-period
load shape (blue) across all households. Whenever the actual post-period load shape falls
below the predicted post-period load shape, this indicates that savings were realized during
that hour (green bars). After adjusting for the error in the model, based on the sample of
homes used, the modeling approach finds approximately 15 percent savings during summer
months attributable to the HVAC units installed through the SCE QI Program.2> Note that this
approach estimates that the majority of savings is realized during the later part of the day
including during the peak hour period between 2:00 pm and 8:00 pm,2¢ highlighted in yellow.
The timing of the savings that coincides with expected peak HVAC use is also encouraging
evidence of the model’s ability to predict hourly consumption.

Figure 13: SCE QI Summer Predictions versus Actual, 2014 Post-Period
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25 [t is not possible to separate the estimated savings impacts for SCE’s QI program activities (i.e., quality installation) from
the impacts of the new HVAC system. To determine separate impacts, one would need to compare these results to a control
group consisting of customers who replaced their HVAC system but did not use a QI participating contractor for the
installation.

26 We use the residential peak period of 2:00 pm to 8:00 pm, as defined for SCE’s residential Time-Of-Use rate plan;

https://www.sce.com /wps/portal/home/residential /rates/residential-plan
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Figure 14 shows the summer weekday hourly kWh savings estimates from the previous figure
with bars depicting 95 percent confidence intervals around each estimate. The savings are
statistically significant in every hour except 8:00 a.m.

Figure 14: SCE QI Summer Hourly Savings (Weekday) Estimates with Error Bars
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Table 1 shows the average daily savings estimate for each group and bin in the SCE QI
Summer weekday model. The columns show households grouped by their weather
normalized energy usage in the pre-period for each home (highest users on the right) and the
rows show days grouped by the temperature via cooling degree-days (hottest days on the
bottom). Each cell shows the estimated program savings (kWh per day) for a specific home-
day bin. We automatically color-coded the cells with the highest kWh savings in dark blue and
the lowest kWh savings in dark red; colorless cells fall in the middle of this spectrum. Within
each household group, there are home-days from a wide range of temperatures, each with
their own savings estimate. Similarly, each group of days with similar temperatures (i.e., CDD)
includes home-days from a range of households (i.e., high, mid, and low users), which
experience a wide range of daily kWh savings. For the SCE QI summer model, savings trends
upward as temperature and household energy increase. For the low usage groups with
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negative savings (i.e., energy use increases after participation), this could be indicating that
existing equipment was broken or not being used prior to participation in the program.

Table 8: Program Savings (kWh per day) by Bin

Household®&roups
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20| Total

1 45 49 55 -28 16 49 309 -35 -40 26 52 39 -77 25 255 -88 -159 00 -0.8 0.0/ -0.8
2| 15 -02 -38 -89 -72 -53 -68 -100 -80 -04 -72 -69 06 -27 -69 -75 -16.0 -7.7 -15.1 -13.5( -6.7
3 30 -27 -28 -80 -24 -64 -50 -100 -98 -32 -43 -46 -08 -59 -61 -33 -07 -3.6 -2.0 14.8( -4.7
4 -28 -48 -81 -34 -20 -33 -39 45 -20 -09 -11 -24 51 -61 79 40 51 38 25 188 -2.0
5( 36 -20 41 -14 05 04 -11 -37 -08 -10 -22 20 54 25 42 06 130 69 103 22.0( 15
6 26 -35 42 -04 -12 08 06 -27 43 22 00 70 06 76 87 3.0 104 33 217 23.7( 27
7 40 -19 42 08 -21 -03 12 -39 13 18 33 24 44 13 114 7.1 105 114 174 30.7( 3.0
8 45 -21 -47 -10 -06 06 -10 -23 42 14 23 63 18 -12 58 6.6 115 9.2 153 254( 2.0
9 48 -35 -35 -09 -42 22 35 -11 56 26 68 45 15 08 84 9.1 124 6.2 19.0 37.8( 238
10 57 -29 -28 -05 17 29 13 00 53 18 54 29 32 08 66 95 157 111 211 304| 3.0
11| 62 -3.7 50 -22 -16 17 29 08 77 16 47 37 59 -01 106 93 131 6.0 17.0 249| 22

12| 66 -36 -25 -07 -01 18 56 3.0 91 45 116 6.7 6.6 -02 150 153 142 17.0 224 413| 52
131 -75 -36 -39 12 08 38 56 45 82 69 114 83 80 86 134 186 139 159 264 33.2| 54
14| -76 -02 -42 41 52 54 51 82 87 73 131 124 81 94 16.2 216 196 21.1 293 46.1| 83
15 727 -20 -28 11 59 57 30 71 79 88 113 106 9.7 98 20.2 17.2 205 157 229 28.0| 7.2
16| -84 -13 11 62 67 51 64 71 116 98 142 146 105 136 20.0 16.8 180 16.3 169 209| 7.9
17| 83 -28 -53 13 74 96 11.0 114 155 89 111 146 173 148 143 226 209 221 413 354| 87
18| 88 -18 38 00 62 65 185 109 138 79 103 142 173 151 26.5 185 20.7 139 33.1 299| 89
19|-10.7 -06 25 19 -02 84 179 112 142 16.7 157 150 191 229 31.7 238 27.4 199 236 479| 113
20(-116 41 -37 04 118 98 123 179 86 107 116 153 180 187 259 224 181 249 319 31.0| 9.2
21| -83 -80 6.2 -14 141 148 209 122 101 6.4 103 144 204 20.7 23.1 22,6 204 16.7 30.4 245 9.7
22 -49 -83 122 -32 218 93 235 155 13.7 16.1 11.7 26.6 184 16.3 27.0 285 26.2 22.1- 37.1| 13.9
23| -78 -73 106 -79 -24 18.0 23.7 13.7 140 98 103 53 51 140 163 19.8 122 239 26.3 306( 7.7
24 -76 -59 96 47 33 105 23.7 194 19.7 128 22.1 169 25.6 28.0 158 27.8 20.7 23.8 27.5 33.0( 11.6
25| -55 -2.2 162 11.2 208 84 12.0 12.8 84 215 469 138 12.8 188 8.9 340 216 123 30.7 37.7| 103
Total 63 -1.7 04 04 33 43 57 47 85 60 89 83 84 75 145 144 168 144 223 321 6.0

Coolingegree-Dayfroups

Annual SCE QI Program Model

The preceding discussion only included summer weekdays in the sample, as these days were
most likely to show up as savings in our initial model test. Given the success of the summer
weekday model, the next step was to expand the model to include all days and develop annual
impact estimates.

To develop annual savings estimates, the sample of homes includes all homes in the QI
Program with AMI data for periods before and after they participated in the program. Unlike
the summer weekday model, the annual model uses all months and day types (i.e., weekdays
and weekends) requiring a more complex binning procedure. The resulting dataset includes
2,038 homes dispersed among 9 climate zones.

Since this model includes all seasons and day types, we binned the home-days with four-
dimensional bins. Specifically, we used 20 home groups, 9 CDD groups, 9 HDD groups, and 2
day type groups, resulting in 3,240 possible home-day bins. We assigned each day to a CDD
group and an HDD group that included a range of three degree-days each, up to a maximum of
26. Using multiple degree-days per group and setting a maximum value limits the total
number of bins and thereby reduces processing time. For program evaluations, we suggest
binning up to the true maximum CDD and HDD in the data and using narrower ranges of
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degree-days in each group to limit the variation in each bin, and thus improve the precision of
the model’s estimates.

Table 9: Summary of QI Annual Binning

Group | Description Number of Groups
Homes | Usage —weather normalized annual energy usage grouped by 20
percentile, with 1/20" of the total assigned to each group in order of
smallest to largest
Days CDD — average of CDH rounded up to a whole number, assigned three 9
CDD per group from 0-26 with all days higher than CDD 26 put into the
last group
HDD — average of HDH rounded up to a whole number, assigned three 9
HDD per group from 0-26 with all days higher than HDD 26 put into the
last group
Day Type — flag for weekends that separates them from weekdays 2
Total”’ | Home-Day Bins 3,240

Table 10 and Table 11 present the count of home-days in the post-period for the SCE QI
annual model on weekdays and weekends respectively. As with previous tables, these tables
show the actual distribution of participant households and the weather they experienced in
the post period. In the annual model day-types are binned by combinations of both CDD and
HDD, and the table is labeled with the upper limit of each day-type (e.g. the day type bin CDD 2
includes all days with CDD between 0 and 2). Similar to the SCE QI summer model, we see
more moderate days with CDD or HDD ranging from 6 to 17 than especially high or low
temperature days within each of the household groups. Again, there are more home days in
the home groups at the lower end of the usage spectrum, because each home group
represents about 5 percent of total baseline electricity usage for all the homes in our sample.

27 Some bins have zero home-days. This is expected as certain combinations of groups are not present in the data, In
particular combinations of HDD and CDD groups because there were no days with extreme temperature ranges. For example,
the data did not include any days with a temperature range from 40°F-90°F, so there are no home-days assigned to both CDD
25 and HDD 25. Our final pre-period model includes 1,098 bins and the post-period includes 1,083 bins.
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Table 10: Number of Home-Days in Each Bin (Annual - Weekdays)

DayiType Weekdays
Household®Group | (T (AR (OGS (OIS (RO (NS (O (S (FEQ W] WAN2  OEAE3 (WA GHENES (N6 (HNE7 (WS (EFMEO  [HREO Total
CDD HDD
2 (sS4 [MW30 @75 @m70 W30 M[im43 [fmRe [ife0 MRS MRS [Mim42 [AMBS [iMEe @/ [/ @moS MRS Mie3 iR @4 | [@6,079
5 [,663 [MH,552 [A,461 [MH,283 [@H,200 [@H,241 @H,118 [@A,197 [@A,077 [M@S4 [@H,074 [MEI1O [HEO0 [WWA22 [HME3S [WAMSS [MHMOT7 M2l [HMS61 W12 | @9,938
8 [@B,117 [@B,003 [R,624 [@R,585 [@,357 [@,373 [@R,299 [@R,287 [@R,120 [MM,808 [M,884 [H,901 [@H,759 [@A,596 [H,618 [@,487 [A,170 [H,271 [@,097 N84 | [BY,140
11 [@B,548 [@B,167 [@R,783 [R,694 [@R,551 [R,434 [@R,226 [[R,246 [@R,119 [MA,915 [MM,835 [H,893 [@M,912 [@,692 [{H,680 [@,600 [[A,402 [H,330 {124 [MABES | [@@1,019
2 14 [@,048 [R,058 [MA,812 [MH,784 [, 708 [H,601 [@H,570 [A,486 [@H,376 [MA,242 [MH,143 [@A,316 [MH,322 [@,199 [@H,145 [@,048 [MHE29 [E23 W04 jAS | [TR6,859
17 [@,483 [@H,374 [@,259 [@H,213 [,224 [H,119 [AEROS M58 [R21 [MHRA4A4 [W24 [R6A [MABAO [FWRS1 [AMM78 @FAM37 [MHEO6 [AAESS [M/6 @1l | [S,434
20 [@78 (WSS @14 [iS34 @EE10 iS4l 806 [MHMOS M@ [MiH24 [Bs4 [MAW18 [MAW71 @AHC0 [R41 @ER4S [HES52 [HR75 [HR03 [HM97 | [MHB,878
23 B30 [B36 [Wm6S [MMP44 @64 MR04 MMRS6 MEM79 MMMO7 [MNES [MAl [MAM24 [HR10 @68 MHMSO @EAm49 [MM40 [HME0S [MHAME0 [HFMEL | [EB,901
26 (WS4 [E11 (W72 (@05 [FWES3  FRo9 [AWESS (13 [MWm39 [MWRO0 [M46 (MWRO4A [MAR37 ([WWR0S (FHMES3 [FWMS4 [P30 [AEM77 [f60 [ES | [S,882
2 [[,344 [@H,302 [@,179 [{H,116 @FERSS [iB66 [AHR74 [H,024 @25 [MM67 [AR18 [AWOS [MAES3 [ABE41 [B/6 [E47 [MHE27 MAES41 [@ESe W33 | [6,623
5 [@B,566 [@B,167 [@R,504 [@R,605 @R,350 @R,188 @R,389 [R,235 @R,201 [H,736 [@H,828 [@H,932 [@H,729 [@,523 ([@H,583 @H,463 [A,191 @H,197 [@E,169 [MRAO | [MB9,296
5 8 0,105 [mH,836 [A,724 [mH,591 @A,535 [@H,542 @H,365 [MA,379 [@A,252 [@A,222 @A, 252 [@A,153 @071 [@,012 [MHA,033 [MARA16 [ME13 [MEEES [HMEOS [ME42 | [R4,906
11 [B43 [Bo3 [ARS2 {820 M7 W02 [FS20 [W39 M@i@e3 B34 MRS/ [iW/6 [Mid6el @A/ ({03 [iMe4 [iHc2 [HBeS [RS8 30 | [1,686
14 (@27 (@47 [R03 [MP0S [@WM7S [HMS7 N33 [0 [MWE7 [MNA3 (W25 [0S [NS7 @37 (@m14 @Em02 [0S [HEE2 [MNRFS [ME] | [R,650
2 8,615 MmB,083 [MR,641 [MR,620 [mR,332 [@M,229 [mR2,300 [MM,299 [mR,108 [A,848 [H,977 [MA,868 mH,570 [,A470 [MH,509 [@A,440 [@H,109 @H,291 [@MA,137 [WE6E0 | FB9,206
8 5 [@R,175 [@H,672 {597 [@H,544 [@,485 [H,424 [@,281 [[MA,288 [@H,144 [, 164 [[,144 [H,077 [@H,017 4,022 [AW70 @FER12 RIS WSS /6 SO0 | ({23,668
8 [A73 [Be4 ([WA1 (W71 @18 [iEeS W25 [MEB8S MHR60 [MB03 [B06 [MAR73 RS [@Rs7 (P46 [Wm27 [P0 M85 [MHRN/6 21 | [MHB,061
11 (MM21 GWENERS (W07 (WM1S MRS FHNME2 (MMhE2 [MND3 [ME6 (MRS (N0 (MR (WA (WmNP3 (B0 MMEm6  (HNNMEC (HNTE7 [MATRS [WME3 | {400
2 [@®,198 [@B,760 [@B,337 [@B,146 [@@,777 [M,846 [M,681 [R,681 [@A,541 [R,223 [R,336 [R,233 [M,064 [A,849 [H,821 [@,756 [M,415 [@E,655 [,355 [AAO07 | [@@7,581
11 5 (@22 [P35 [R18 ([Mg28 @ml7 [@iPl6 SS9 [ibec @25 [ME/3 [H28 [MAH00 [HWO0 [H32 [imW97 [@AAS4 [iH06 [RS8l [MHE14 247 | @1,408
8 (MBS (WSS [Wmm2 (WMMES [WR3 (RS  MMES W4 (TIES MGG (HNMEO MM4  (NMME4 (OSSR (WEmR2 | [, 138
14 2 [{B,369 [R,914 [R,693 [@M,573 [M,462 [R,422 [,245 [M,095 [{{,838 [@H,651 [[H,588 [H,474 [,301 [@H,324 [H,143 [AAR25 | 89,560
5 [@00 [MS0 [0S [e03 [@mss ([ms7 i3l  [Fm74 ({02 [Fm34 (M6 [FEM07 (M08 (R4 (MR [mE2 | [MR,733
17 2 {3,090 MR,470 [@R,272 [@R,071 [@,997 [R,034 [@H,796 [M,673 {0,521 3,354 [M,253 [@,238 [@H,139 [@,089 [MHE18 [HE81 | MB2,851
20 2 [[,642 [H,130 [@,034 R4l [FAR1O {847 [FAIRO9 [HHS6 i 5 [AER02 [iE18 [M36 [eS52 [E83 [HM1S [FW®33 | 4,934
23 2 [[@,076 [MH0S [MA@Se [MiM14 @20 [i@79 [lR72 [F?99 [R30 [B11 [MRel [W@o4 [MAR34 ([AR36 [Rel [FWR08 | [H,777
26 2 [[,456 [@,078 [MHB14 [@H,013 {33 [@AW38 M5 [ME34 [A,184 [MREO1 [MHMES4 [ME06 [MWH27 [MW0S [AHSS [BS4 [WE05 [0S [m17 | [S,170
Total @7,668 38,417 34,773 33,181 31,306 30,117 28,253 R@7,782 5,815 R4,374 24,201 R23,276 [@2,093 0,784 0,007 [@9,171 [@6,884 [{6,462 [@4,665 [@O,552 mD9,781
Table 11: Number of Home-Days in Each Bin (Annual - Weekends)
DayfType Weekends
Household®Group | (N (WD (HOWES (OGRS (ARG (D (WS (WD (0 (A1 (M2 @3 (M4 @S (Wife W7 (MM M9 [0 Total
CDD HDD
2 (Y7 (83 [e4 S (M7 (RS (7 (@O [MEO  (MNmS [mB3 (M2 (WmR (e [ (iR (W3 [WiN7 (s [F3 | [EmS08
5 {08 [MO5 [MMoc [im34 [Bs7 [HM07 [MS8 [MiMoe 836 {97 [MRAS [HRSS [FmRp47 [HP39 [R29 [MHRS2 @48 [P32 @78 [N27 | 8,410
8 [{,340 [@W,190 [M,171 [M,072 [MH,064 [[MW8S [{M,021 [FAW37 [ERSS [[B81 [[MMR0S @HPS2 P14 ({870 [MH872 @22 (@866 | {7,888
11 [{,161 [M,188 [M,062 [MM85 [MHBH45 [MWe6 [MBA1 [B20 [0S [MMP29 [AA02 [M26 [HF3S [MHBE26 ({96 [MHE36 [M06 MBS | [S,328
2 14 [@,213 [@mW,171 [W,026 [MW,016 [MHB66 [MABO4 [MB76 [NBSS W77 [MMP00 @MB47 N9 MHF30 [MHE73 23 [WES7 [@E0l @RS | [MAS,162
17 [m@™73 @83 M1l [M24 @11 29 [MB63 [MHWBS8 [MHMB13 [MHP6S [PAS [MB1S [@R96 [MHR67 [P15 [N82 [MES6 NS | mHS,131
20 [M@O0 [WWB23 [WMBl7 [EWB10 [WMBO1 [NWRS7 [WMRE38 [MMRA38 {02 [MHP2S [WAES6 [WHRO7 [AR1S [HR12 [AN72 31 FE0S [FHNMB2 | [(HE,469
23 [Ao6 M2 [AM70 [@Wm67 FMSS M35 {43 [H23 [32 [#06 M1 (30 39 (07 [mR6 [MME7 S/ (3 | [,506
26 [R10 [@oe [m71 [im74 M7 [if14 [fe0 [MA34 M1l [AN0S [l [MH39 [@Fble [ml7 (B9 (M1 B0 (MBS | {436
2 [BS3 [B21 [AMs3 [im42 [HBO3 [MHmM06 [0 [MHM14 [B6S [AB30 MRS5S [MiB18 [Pe6 RSl [e0 [[MHR24 [ENO8 [MBA3 | (FHB,732
5 [{,452 [M,263 [M92 [M,044 [MHBe4 29 (W31 [MAB75 W13 [MWES7 @mp49 [Mel [MHF24 [MHBE18 [812 [MHE03 [MME03 MBS0 | (6,075
5 8 @75 @S5S [HBS7 [MB23 [B47 [MB62 [HBO4 [MA6 [HM6S [MHE17 FEE37 (862 (803 [MMB03 [MMRS3 [MES7 | (FHB,869
11 [R23 [WS6 [MR31 (R 60 [HE31 [MI03 [ME04 [MMY7 [EMMB1 | (FHB,001
14 (60 (B4 i) (6 [S1 [EEO [FMB2 | [E,900
17 Jtiiiiiiiz o) (S (R4 (S [ 0 (Y | (S0
2 [,131 (37 (43
8 5 (W83 [T 8 [THRI33
8 (TR 11 (@34 (29 (D6 [B4 [HB3 ({4 | [R,654
2 (859 P11 [g61 [E73 [ME07 B39 | mM8,063
11 5 R84 [AM69 [HME0 32 [HN74 @28 [(WN13 [WEWBO [HMB6 | MHEB,S541
8 Jriiiiiizi] (R [ Juiiiiiad) Jriiiiiza} (AR (S Jeiidiiiiins J Wi ong
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For the savings estimation stage, we recommend using one full year of post-period
observations for each household. This ensures that the annual savings estimate is based on all
four seasons and a wide range of daily temperatures. If we have a full year of post-period
observations, we can calculate savings by comparing our predictions for the post-period
(based on a pre-period model results applied to post-period weather) to the actual post-
period observations.

At the time of our analysis, SCE’s QI program data did not have a full year of post-period data
available for the majority of homes in the sample. Rather than base our program-level savings
estimate on a small group of homes, we relied on all observed post-period consumption
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(“actuals”) and constructed a post-period model to impute the consumption for the remaining
days in that year (“predicted”). Hence, in this case we are comparing our predictions for the
post-period (based on a pre-period model and post-period weather) to the post-period, which
is made up of all actual post-period observations available and imputed values for the days
that are unavailable. These imputed values are generated using a post-period model that is
based on the existing post-period data and post-period weather.28

In order to test the reliability of our annual model, we randomly selected 30 percent of the
homes as a holdout sample and then modeled the remaining 70 percent of the homes. Figure
15 shows the comparison of the predicted pre-period load shape from the model (yellow)
with the actual pre-period load shape for the holdout group (purple). As shown below, the
model does a good job of predicting energy use in the holdout group in the pre-period, with a
difference between estimated and actual usage of about 1 percent over 24 hours.2° The error
of each hourly consumption prediction is depicted with a 95 percent confidence interval
shown as bars around each estimate.

28 Another option for generating annualized savings estimates without a full year of post-period data is to use TMY3 weather.
29 We used a subsample of the SCE QI data to test the effect of using multiple holdout groups. Using data from just summer
weekdays, we ran multiple models to compare the results against six randomly selected holdout groups. Due to the
significant computational resources needed to re-run these models using different comparison groups, the comparison test
was limited to six randomly selected comparison groups comprising 30 percent of the available sample. The model
highlighted in this report and a prediction accuracy of 99.1 percent, compared with an average prediction accuracy of 99.4
percent using all six comparison groups. Although this was a small sample, we took these results as evidence that our
selection of a single comparison group would not materially affect the estimation results. The implications of using a larger
sample of comparison groups will be explored in the next phase of the AMI analysis.
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Figure 15: SCE QI Program Annual Predictions versus Actual of Holdout Homes, Pre-

Period
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RMSE = 0.034, MSE = 0.001

Figure 16 presents the comparison of the pre-installation predicted load shape from the
model with the actual pre-installation load shape for all bins combined, including all 2,039
households in 9 different climate zones (i.e., no holdout group). The modeled pre-installation
period load shape (yellow) aligns even better with the actual pre-installation load shape
(purple), with a difference of less than 1 percent over 24 hours. The error of each hourly
consumption prediction is depicted with a 95 percent confidence interval shown as bars
around each estimate.
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Figure 16: SCE QI Program Annual Predictions versus Actual of Full Sample, Pre-Period
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Next, we constructed a separate post-period model to impute missing observations in the
post-period, a step necessary for creating annualized savings estimates without a full year of
post-period data. This model is based on post-period data and post-period weather; it is not
the pre-period model projected onto post-period weather. In order to test the reliability of
this post-period annual model, we randomly selected 30 percent of the homes as a holdout
sample, and then modeled the remaining 70 percent of the homes. Figure 17 shows the
comparison of the predicted load shapes from the model (yellow) with the actual load shapes
for the holdout group (purple) in the post-period. The error of each hourly consumption
prediction is depicted with a 95 percent confidence interval shown as bars around each
estimate. As with the other holdout sample analyses, the model does a good job of predicting
energy use in the holdout group in the post-period, with a difference between estimated and
actual usage of less than 1 percent over 24 hours.

Figure 17: SCE QI Program Annual Predictions versus Actual of Holdout Homes, Post-

Period
1.758
Daily&Wh:E !

1.508 S T

= Actual: 24.43R T/1 T

= Predicted:24.470 ; / ;

g 1258 %@ifference:0.2%03 T

g / T

g T

>

= 1.00m T —

5 1 \I

2 1

=3 R

E 0.750 = L

9 L \r’ T

] L

g

% 0.502

[J]

[ =

w

0.258

0000+ & & & ® &8 ®5 ® &8 ® &8 &8 ® &8 ®8 &8 &5 &8 &5 ® &8 & ®§ &
S = 3 5 > 5 = 5 = 3 5 5 3 3 3 3 3 3335 =35 = =
E E B E B E B E B E B E B B BB A B BB B B B B
e &8 8 8 8 8 &8 8 &§ 8 & &8 ¢ & & ¢ & g & g S & g &
o~ i o~ o < un o ~ 0 (o)} o i o~ — o~ o < [Tp] o ~ [ee] [e)] o —
- — i — — —

e===QIRActual@ost,MHoldoutl QlPredicted®ost,Holdout?

SCE: AMI Billing Regression Study 43 Evergreen Economics



EVERGREEN
ECONOMICS

Figure 18 presents the comparison of the post-installation predicted load shape from the
model with the actual post-installation load shape for all bins combined, with all 2,039
households in 9 different climate zones (i.e., no holdout group). The error of each hourly
consumption prediction is depicted with a 95 percent confidence interval shown as bars
around each estimate. The full sample’s modeled post-installation period load shape (yellow)
aligns very closely with the actual post-installation load shape (purple), with a difference of
less than 1 percent over 24 hours.

Figure 18: SCE QI Annual Predictions versus Actual of Full Sample, Post-Period
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Figure 19 compares the pre-period predicted load shape (red line) with the post-period
predicted load shape (blue), averaged across all households. Whenever the post-period load
shape falls below the pre-period load shape, this indicates that savings were realized during
that hour (green bars). After adjusting for the error in the models, based on the sample of
homes used, the modeling approach finds approximately 7 percent annual savings
attributable to the HVAC installed through the SCE QI Program.3? Note also that this approach
finds that the majority of savings is realized during the later part of the day including during
the peak hour periods of between 2:00 p.m. and 8:00 p.m.,3! highlighted in yellow. The 95
percent confidence is shown for each estimate, and the error of the hourly predictions is
greatest during the late afternoon and early evening, and smallest during the early hours of
the morning.

Figure 19: SCE QI Overall Annual Post-Period Model, Includes All Months and Day Types
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30 [t is not possible to determine how much of the estimated savings come from the quality installation practices versus the
new HVAC equipment. If we needed to separate these impacts, we could compare these results to a control group of
customers who replaced their HVAC system but did not use a program contractor for the installation.

31 We use the residential peak period of 2:00 p.m. to 8:00 p.m., as defined for SCE’s residential Time-Of-Use rate plan:
https://www.sce.com/wps/portal/home/residential /rates/residential-plan
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Figure 20 shows the annual hourly kWh savings estimates along with the 95 percent
confidence interval for each hour. We found statistically significant hourly savings from 11:00
a.m. to 4:00 p.m. as well as 6:00 p.m. to 10:00 p.m. Some early morning hours had increases in
usage (i.e., negative savings), but none of these were statistically significant.

Figure 20: SCE QI Overall Annual Savings, Includes All Months and Day Types
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The SCE QI annual model includes a day-type binning component allowing us to evaluate
energy savings for weekdays versus weekends. Figure 21 and Figure 22 compare the pre-
period predicted load shape (red line) with the post-period predicted load shape (blue),
averaged across all households for weekdays and weekends respectively. The modeling
approach finds slightly higher savings on weekends (7.26%) versus weekdays (6.98%)
however the differences in hourly savings are not statistically significant.
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Figure 21: SCE QI Overall Annual Post-Period Model, All Months; Weekdays
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Figure 22: SCE QI Overall Annual Post-Period Model, All Months; Weekends
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Table 12 and Table 13 provide the average daily savings estimate for each group and bin in
the SCE QI annual model on weekdays and weekends respectively. The columns show
households grouped by their weather normalized energy usage in the pre-period for each
home (highest users on the right) and the rows show days grouped by the temperature via
cooling degree-days (hottest days on the bottom). Each cell shows the estimated program
savings (kWh per day) for a specific home-day bin. We automatically color-coded the cells
with the highest kWh savings in dark blue and the lowest kWh savings in dark red; colorless

cells fall in the middle of this spectrum. In general in the annual model we see increased
savings as temperatures increase with some deviation from this trend in specific bins.
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Table 12: Program Savings (KkWh per day) by Bin (Annual - Weekday)

Day@ype Weekdays
Household®roup | T (MR [MWB (M8 M5 MW (WD (B @m0 MWl W2 MA3 M4 (M5 M6 MW7 [AS W9 R0
CDD___HDD
2 09 09 04 18 -11 -13 -22 08 39 15 28 -02 03 -02 70 -43 79 -14 60 -125
5 03 08 01 04 -07 02 -09 00 04 02 -03 04 00 -02 -19 -42 -21 -17 07 =56
8 11 11 07 04 -07 00 -12 -02 02 -06 -06 -0.9 04 -04 -09 -36 -14 -18 -17 7.7
1 0 11 06 04 -07 -01 -08 -05 05 -03 03 -1.2 02 02 -06 -27 -14 -15 04 -48
2 14 12 08 08 01 -01 03 -15 -12 09 -06 03 -11 00 -13 -04 -36 -07 -12 03 -60
17 5 23 15 11 11 09 00 -09 01 17 02 -02 11 08 25 -19 00 13 11 -25
20 11 20 31 08 02 01 -03 -15 03 07 02 05 21 -04 17 -38 01 -22 3.8 -146
23 17 11 12 10 06 00 -13 -16 09 16 02 -09 15 -0.6 15 -37 10 -07 -37 -114
26 12 09 11 01 -15 08 -06 -27 20 17 04 -03 01 23 08 -63 25 39 35 -62
2 10 14 10 13 04 08 03 04 12 04 11 10 15 16 -30 09 11 13 -40 26
5 08 13 10 07 01 04 -04 00 07 01 10 01 19 06 -13 -07 -11 17 02 -16
5 8 08 16 14 09 02 08 -05 05 03 -04 03 -03 -01 05 01 -09 -12 -11 24 -60
11 01 00 11 00 06 06 -0 03 -07 -07 -14 -16 -15 -06 -02 -36 -19 -32 15 -134
14 21 18 34 11 27 28 04 12 -02 07 09 07 15 24 14 -12 20 20 41 24
17 00 00 75 00 00 00 -05 00 00 00 -41 00 00 00 00 00 00 00 00 00
2 0 11 15 15 07 09 01 -01 07 06 21 20 26 21 -16 08 00 45 -18 35
8 5 08 15 12 01 -10 06 -08 01 13 -03 07 -04 12 06 -L4 06 04 10 23 52
8 06 05 15 -01 06 -0.6 -14 01 01 -02 -04 -10 -1.2 -06 06 -29 -03 02 10 -43
11 00 -09 04 26 -16 -21 -49 27 59 22 -25 116 83 06 -40 -100 -76 97 11 96
2 09 21 25 21 14 27 18 30 28 34 40 33 37 33 25 46 46 68 31 91
11 5 20 15 15 15 07 15 05 07 14 21 15 03 16 29 09 38 37 11 50 88
8 10 -13 21 04 -12 -13 32 06 11 35 -62 -11 73 -17 62 -57 -37 05 00 -10.7
1 2 13 24 28 36 30 30 28 44 52 53 60 62 63 56 46 77 83 100 86 167
5 10 06 08 -13 -21 -24 03 06 39 02 -21 08 15 03 -47 43 37 05 58 29
. 2 18 38 34 49 49 45 41 61 72 77 77 80 76 78 75 104 117 128 140]244
5 |36 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
20 2 32 58 42 74 76 74 65 95 11.8 109 110 101 113 11.8 139 146 148 170 20.7
23 2 47 71 64 88 81 70 70 89 103 117 164 86 112 129 10.7 176 180 19.3 240
26 2 73 54 59 145 19 146 146 35 82 102 178 7.7 141 54 2.8 147 18.1013316 12.7
Table 13: Program Savings (kWh per day) by Bin (Annual - Weekend)
DaylType Weekends
Household@roup i i iz i [0 FHA1 W2 (W3 M4 [AS [H6 [W7 (WS A9 RO
CDD___HDD
2 16 06 -15 02 13 05 -1.9 20 47 07 -10 27 09 02 -20 02 04 152 129 -126
5 08 12 05 04 08 05 -04 02 02 06 03 -08 02 -06 09 -42 24 16 50 -62
8 12 18 06 09 -03 08 -04 00 01 03 02 -09 15 01 -03 -35 -04 -09 04 -67
11 12 09 04 02 -02 08 -14 -05 -10 04 -01 -14 -03 04 04 -24 -04 -28 02 -23
2 14 16 08 04 05 -02 09 -10 -16 06 02 -07 -17 04 03 06 -26 05 -21 19 -13
17 16 23 18 15 01 12 03 -03 03 06 02 -07 05 -11 23 -37 -08 09 18 -80
20 12 24 15 20 00 08 -05 05 06 11 12 02 22 00 22 -41 02 04 81 -88
23 25 25 40 17 03 25 10 -09 10 38 07 16 18 -29 20 -03 69 68 -51 -64
26 23 34 30 31 29 45 18 15 17 44 02 18 42 15 17 -13 29 39 78 11
2 15 12 16 19 14 29 18 22 20 27 15 15 44 30 -06 05 21 18 18 04
5 13 16 06 11 01 1.0 -05 03 -02 -02 05 -08 18 03 -27 -16 -1.0 01 -10 -29
s 8 09 16 08 03 08 11 -09 01 19 03 -03 -10 09 09 04 -08 -18 -04 30 67
11 14 20 26 04 17 07 -11 -05 -14 -07 07 -03 05 07 04 -14 -1.9 -15 29 -115
14 13 07 17 05 14 11 -02 00 03 -06 -08 -09 -11 09 13 -42 -25 08 39 99
17 17 00 77 04 00 00 00 00 02 -06 00 00 00 00 00 00 00 00 00 00
2 12 19 27 29 14 29 19 20 29 23 32 33 40 32 26 21 27 47 34 41
g 5 11 20 19 06 -05 16 01 -05 08 04 08 -11 10 08 -1.1 03 05 11 29 -17
8 05 00 08 -10 -03 07 -15 15 00 -03 -12 -28 -12 -07 -17 -08 26 19 -11 95
11 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
2 12 18 22 21 15 20 01 21 08 24 33 16 34 38 11 22 39 82 16 113
11 5 04 07 28 13 -13 -17 -23 05 03 -07 -05 -18 08 30 -24 44 28 27 32 85
8 00 00 32 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
W 2 13 27 34 34 28 38 43 49 29 59 72 42 44 49 67 79 85 88 80 190
5 08 28 02 35 42 -25 19 02 43 28 -25 -0.6 17 -33 55 59 103 -13 111 47
17 2 26 50 63 63 68 90 62 86 98 107 112 101 120 108 93 103 142 140 190 253
5 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
20 2 34 59 55 88 91 90 71 96 103 110 116 11.6 108 109 115 152 151 141 27.100889
23 2 45 91 42 96 49 110 69 66 99 115 125 102 101 67 51 147 152 233 168 106
26 2 97 85 68 125 24 181 72 -1.0 96 109 201 57 130 127 33 183 17.1] 344 163|240
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The model results were also compiled to show load shapes and savings by season, and each of
the four seasons has a unique range of temperatures. Consequently, a household’s total kWh
consumption and load shape will change as the need for heating and cooling changes.

Figure 23 shows our annual model’s predicted load shape before (red) and after (blue) the
households participated in the SCE QI program by season.32 Most of the SCE QI program
savings occurred in the summer, which had an average daily savings of 5.3 kWh or 12.8
percent. Fall and spring had the next highest savings with 1.8 and 1.2 kWh respectively,
corresponding to 7.7 percent and 4.7 percent of the average daily kWh usage. The summer
load shape from the annual model is very similar to the summer weekday model presented in
the previous section.33 None of the differences in the models’ predictions of hourly or total
daily consumption in the post-period are statistically significant. Despite the variation in load
shapes across seasons, the random coefficients model is able to produce very accurate
estimates in a variety of conditions.

32 Note that these are not separate models; they are all based on the bin-level output produced by the annual model. We
defined these seasons as: summer (July-Sept), fall (Oct-Nov), winter (Dec-Feb), spring (Mar-June).

33 The annual model summer load shape includes both weekends and weekdays, explaining some of the difference between
the summer weekday model load shape and the summer load shape developed from the annual model.
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Figure 23: SCE QI Annual Model Results by Season
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Figure 24 shows the hourly kWh savings estimates from the annual model for each season,
with bars representing a 95 percent confidence interval around each estimate. The largest
savings in summer months occurred during peak hours, while the savings in fall and spring
occurred in the afternoon or evening. Nearly all savings in the winter months are either
insignificant or negative (i.e., the households increased their usage).
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Figure 24: SCE QI Annual Model Savings Estimates by Season
Peak®eriod? Peak@erioda
34— — | 0.5081]
g %% Summert Fallz
E] Daily&WhBavings:T5.34% DailykWhiBavings:{f.810
# 04007 o/ayifference: [HIEL2.8%E LA L | 04027 %mifference: FHHI.7%0
£ T
g 0.308 TL~ 0.302
§ |
g'n 1
£ 0.200 —— — - — —{— | o0.208
: [ jii] I
¥ 0.108 I*«?a~ ~— - | o1o0m J_ 7711 I A%IT
8 I
o 0.00@ B an o T Bar_an 2! 0.00@ -8,
VIl s e s eeeeeee |08 gs B e g T EEE g
ii: SS:35fiifsss258% | SiiSSSEssssiiiiiiiiiii:
888 e8888833a2ss588833 SR 3s58¢g 883335588883
N - N m BHOS dNANMIFIINON®O® O N nh © N & N AN ONBNS
~— — o - - — - —
Peak®@eriod? Peak®Period?
0.508 , ——— | 0.508 i L
=8 Winter Spring
‘§ DailykWhBavings:{D.0 72 DailykWhBavings:f. 192
# 0408771 omifference: M. 3% 0.408] 9mifference: HHTEAIE. 7%2 -
o0
©
g 0.302 0.30@ —
=
[
£ 0.200 0.20@ T —
2
& =1
& 0.100 0.10@ 1 BE
<
]
g o T TR L NSRS 111
g 0.00@ ]:‘]:‘I‘I‘]:‘]:‘I‘ T \J-\l\l‘levl J. J_ l J. : 3 0.003 I‘l‘I‘I‘I‘I‘-[‘j[‘:[‘J-‘ T T
0l FE o oCCEEooE o 00 g e e et E E BB E EEEEECEEE O
S35353535>5>>>>3>>2>>2>22>22 S35535553553>>>>3>>32>>2>2=>32
SESEE5E55555558885888888888 SECEEEE3555555E5888888E88
ANHAdANNIFTDONODNOANANNIFINONDNS N AMNISISODONOBDODOANANMNITINONDBNS
- — o — — — o —

We have provided additional results from this annual model in the report appendix. These
additional results include a table with the results of the pre-period holdout sample and post-
period savings estimates for each of these seasons and day types (weekdays and weekends);
modeled hourly load shapes and savings estimates for selected groups (household usage, CDD,
and HDD groups), as well as a table with daily savings estimates for every bin in the annual

model.
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2.2.3 PG&E Quality Maintenance Program Results

In addition to SCE’s QI Program, we also tested the random coefficients model using data from
PG&E’s Quality Maintenance Program. Each home in the PG&E QM Program had an existing
HVAC system34 repaired as part of a three-year service contract with a contractor who has
received additional training through the program. During each visit, the contractor conducts a
full ACCA Standard 4 HVAC System Assessment and then performs any required maintenance.
Examples of these maintenance activities include airflow correction, blower motor retrofits,
and refrigeration system assessment with savings. These activities should improve cooling
delivery (from reduced runtime and/or power draw) and thereby improve efficiency.

Note that for the QM program, the existing conditions in the pre-participation period is the
appropriate baseline and therefore no additional adjustments are needed to the baseline to
calculate program impacts. The savings estimates would benefit from utilizing a comparison
group, however, which we were not able to explore in this analysis due to the data limitations
discussed previously. Incorporating data from a comparison group into the random
coefficients model is something that will be explored in the next phase of this analysis.

PG&E QM Program Model — Weekdays, Summer Only

The modeling steps for the QM model are the same described previously for the QI program.
For the PG&E QM model, the analysis sample includes all participating homes with AMI data
for the 2012-2014 cooling seasons (the summer months of July-September). All homes in our
sample participated between December 2012 and May 2014 and had non-zero ex ante savings
listed in the program documentation (i.e. tracking data).3> Since the HVAC equipment repaired
through the QM Program were all listed as air conditioners, we expected the majority
program savings to occur during the cooling season. This model uses only weekday data to
avoid possible differences in energy usage between weekends and weekdays while using a
simplified binning procedure. The resulting dataset includes 1,166 homes dispersed across
four climate zones.

Since this model only includes weekdays during summer months, the home-days are assigned
to two-dimensional home-day bins that do not include bins for HDD or day type. For this
model, we used 20 home groups and 25 CDD groups, resulting in 500 home-day bins. We
assigned each rounded CDD to its own CDD group but capped the CDD at 25, including all days
with CDD greater than 25 to CDD group 25. This was done to limit the total number of bins

34 Eligible homes must have a central forced air conditioner or heat pump and be a single-family home or duplex.

35 We received AMI data for these PG&E households from 2012 through the beginning of 2015, including both a full pre- and
post-period cooling season for each household in the sample. Thus, we did not have to exclude any homes due to missing
data. Some QM participants did not require any adjustments (i.e. tests revealed system did not need any maintenance), these
participants were excluded from our analysis because they did not involve one of the following activities: airflow correction,
blower motor retrofit, and/or refrigeration system assessment with savings.
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and thereby reduce processing time, but for program evaluations we suggest binning up to the
true maximum CDD in the data. In order to isolate days with expected cooling, we removed all
days with a CDD of zero.

Table 14: Summary of PG&E QM Program Summer Weekday Binning

Group | Description Number of Groups
Homes | Usage —weather normalized annual energy usage grouped by 20
percentile, with 1/20™ of the total kWh assigned to each group in order
from smallest to largest

Days CDD — average of CDH rounded up to a whole number, assigned one 25
CDD per group from 1-25 with all days higher than CDD 25 put into the
last group

Total Home-Days 500

Table 6 shows the count of home-days in the post-period assigned to each bin for the PG&E
QM summer model. As with previous tables, the cells are automatically color-coded with the
highest count in dark blue and the lowest count in dark red, white cells fall somewhere in the
middle of this spectrum. Similarly to the SCE QI summer model we see more mid-temperature
days with CDDs ranging from 7 to 18 than especially high or low temperature days within
each of the household groups. We also see more home days in the home groups at the lower
end of the usage spectrum. This is because each home group represents about 5 percent of
total baseline electricity usage for the homes in our sample. Because of this, the number of
homes in each home group varies, with more homes in the lower home groups and fewer
homes in the higher home groups. However, the amount of daily kWh each home group
represents is approximately the same.
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Household®&Groups

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20| Total

1 3 9 13 8 10 5 7 9 3 7 3 4 4 5 2 4 4 0 7 0 107

2 12 45 61 40 42 25 27 40 13 34 13 15 19 22 11 19 20 5 32 2 497

3 12 41 49 36 25 23 29 36 18 35 15 21 15 21 15 20 21 8 27 6 473

4 50 100 118 87 67 58 69 80 34 78 41 46 43 51 39 a7 53 25 66 12| 1,164

5 56 109 106 94 65 68 122 108 96 102 72 122 70 88 86 79 90 68 67 53| 1,721

6 83 119 126 109 103 78 114 92 79 83 76 94 67 104 81 74 69 61 70 44| 1,726

7| 147 240 231 207 174 165 224 213 177 191 144 240 131 184 172 150 152 127 134 95( 3,498

8| 255 310 295 293 261 219 250 193 174 211 196 211 175 208 190 155 149 145 143 84| 4,117

§ 9 235 322 314 310 262 232 250 207 182 237 168 253 170 165 180 153 142 105 132 79| 4,098
S 10| 348 444 348 358 334 291 291 216 245 309 269 281 232 233 233 193 194 172 152 107| 5,250
%. 11| 488 517 411 423 327 371 360 258 326 350 300 298 283 247 231 185 231 190 158 82| 6,036
8 12| 254 299 279 254 220 205 230 197 179 217 175 218 171 169 164 147 143 133 120 79( 3,853
§ 13| 386 370 317 299 250 256 261 204 209 257 222 220 205 218 177 159 170 155 140 83| 4,558
& 14| 439 457 347 380 324 309 324 271 313 315 310 301 290 281 279 202 249 239 166 150| 5,946
% 15| 344 315 251 267 234 217 242 178 204 229 223 207 205 198 192 178 165 190 116 113| 4,268
'% 16| 359 316 243 233 223 218 233 157 18 214 208 170 189 190 165 147 154 170 117 89( 3,980
S 17| 414 340 281 277 215 235 243 181 215 196 205 172 202 181 140 117 147 127 101 45| 4,034
18| 210 169 151 146 9% 120 135 97 123 118 113 90 113 86 76 66 79 100 50 36 2,174

191 292 183 176 155 109 147 151 118 154 145 120 127 135 107 104 88 116 107 56 57| 2,647

20 86 58 59 45 36 41 46 28 40 49 37 42 37 35 31 88 27 3 14 15 792

21 107 51 43 29 27 28 49 30 43 33 25 34 39 21 29 29 33 42 10 28 730

22( 261 117 103 83 87 78 87 84 82 82 83 78 74 79 73 61 72 75 53 69| 1,781

23 87 34 42 19 22 27 35 30 24 29 13 32 17 14 19 17 12 29 13 26 541

24 161 75 69 56 49 57 52 52 44 40 39 35 44 33 30 39 33 32 30 33( 1,003

25 348 541 225 254 251 167 498 242 160 200 59 184 71 138 130 234 170 341 490 6,932
Total |7,318 5,388 4,974 4,433 3,816 3,724 3,998 3,577 3,404 3,721 3,270 3,370 3,114 3,011 2,857 2,492 2,759 2,508 2,315 1,877 [AFEri)

As before, to test the reliability of our annual model we randomly selected 30 percent of the
homes as a holdout sample and then modeled the remaining 70 percent of the homes. Figure

25 shows the comparison of the predicted pre-period load shape from the model (yellow)

with the actual pre-period load shape for the holdout group (purple). The error of each hourly
consumption prediction is depicted with a 95 percent confidence interval shown as bars
around each estimate. The holdout analysis yields results similar to the QI model, with a
difference between estimated and actual usage of less than 1 percent over 24 hours.
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Figure 25: PG&E QM Program Summer Predictions versus Actual of Holdout Homes,
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Figure 26 below shows the adjusted model prediction of post-period consumption for all
households that participated in the PG&E QM Program.3¢ This prediction is based on the pre-
period consumption model and post-period weather data; it represents the expected load
shape for these households in absence of PG&E QM Program participation. The error of each
hourly consumption prediction is depicted with a 95 percent confidence interval shown as
bars around each estimate. The errors of the hourly estimates are smallest in the early hours
of the morning and are widest during the peak hours.

Figure 26: PG&E QM Summer Predictions of Post-Period with Error Bars
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36 The same adjustment methodology was used to correct for model bias using the difference between the model and the
holdout sample as was demonstrated with the QI summer weekday model in Table 7.
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Figure 27, below compares the post-period predicted load shape (red line) with the actual
post-period load shape across all households (blue). Whenever the actual post-period load
shape falls below the predicted post-period load shape, this indicates that savings were
realized during that hour (green bars). After adjusting for error in the model using the same
method described for the QI model, the modeling approach finds approximately 1 percent
savings during summer months attributable to PG&E QM Program. Unlike SCE’s QI Program,
homes that participated in QM did not install new equipment, so all observed savings could
theoretically be attributed to the PG&E QM Program. Note also that this approach finds the
majority of savings is realized during the later part of the day including during the peak hour
periods between 1:00 p.m. and 7:00 p.m.,37 highlighted in yellow.

Figure 27: PG&E QM Program Summer Predictions versus Actual, 2014 Post-Period
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37 We use the residential peak period of 1:00 p.m. to 7:00 p.m., as defined for PG&E'’s residential Time-Of-Use rate plan (E-6).
http://www.pge.com/nots/rates/tariffs /ResTOUCurrent.xls
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Figure 28 shows the summer weekday hourly kWh savings estimates from the previous figure
with bars depicting 95 percent confidence intervals around each estimate. None of the
increases or decreases in hourly energy consumption are statistically significant, however,
when aggregated to the daily level the savings are statistically significant at the 95 %
confidence level.

Figure 28: PG&E QM Summer Hourly Savings Estimates with Error Bars
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Table 16 shows the average daily savings estimate for each group and bin in the PG&E QM
Summer weekday model. Similar to previous tables, the columns show households grouped
by their weather normalized energy usage in the pre-period for each home (highest users on
the right) and the rows show days grouped by the temperature via cooling degree-days
(hottest days on the bottom). Each cell shows the estimated program savings (kWh per day)
for a specific home-day bin. The cells are color-coded with the highest kWh savings in dark
blue and the lowest kWh savings in dark red; colorless cells fall in the middle of this spectrum.
Within each household group, there are home-days from a wide range of temperatures, each
with their own savings estimate. Similarly, each group of days with similar temperatures (i.e.,
CDD) includes home-days from a range of households (i.e., high, mid, and low users), which
experience a wide range of daily kWh savings. For the PG&E QM summer model, we see a
similar trend to the SCE QI model with savings trends upward as temperature and household
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energy increase, although some specific bins deviate from this trend, for example home-group
1438,

Table 16: Program Savings (kWh per day) by Bin

Household&roups
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20| Total
00 00 114 00 -19 00 17 60 74 00 00 00 00 110 00 -123 00 00 00 0.0f 76
-5.6 -16 -0.7 52 -37 14 -39 -1.0 3.1 2.1 3.7 0.0 0.9 5.0 1.9 84 -24 0.0 0.0 -0.2 5.8
-03 -23 03 14 -04 48 -12 87 83 21 -41 -39 -46 72 11 16 -38 178 -201 42| 1.0
30 -08 -13 22 22 36 15 42 11 05 14 86 -20 46 31 46 117 38 122 40| 18
4 . . g b b . -1.9 -0.9 1.9 27 -2.6 1.7 -73 39 -60 -29]-26.7 -17.2| -1.0
43 -15 -1.8 0.5 0.6 1.8 -05 -25 05 -1.7 0.4 1.8 -35 45 -0.8 8.9 2.1 00 -04 14| -0.1
43 -14 -24 -18 -15 21 14 02 28 16 07 15 20 11 05 136 86 00 46 00| 13
09 -11 -17 05 04 14 38 -27 14 02 -10 -01 -14 11 11 96 28 -21 -57 -13.8| -0.1
1.1 0.3 20 -03 -0.2 58 -0.2 6.7 25 11.0 8.0 3.2 0.0
3.6 2.0 1.2  -25 1.2 1.8 3.5 6.6 39 114 4.8 -10.0 0.5
25 11 24 -19 -01 -03 34 67 65 198 20 72( 03
01 09 -38 05 -19 -04 43 84 34 -03 -07 -77| -09
3.3 0.7 0.7 2.5 09 -21 5.0 5.0 7.6 4.8 3.4 27| -0.2
5.6 0.1 4.6 14 -15 -0.7 7.1 2.6 6.6 1.3 4.4 19 0.7
22 10 01 37 -19 -41 32 32 35 02 42 -44( -08
0.1 1.5 3.4 22 -03 -20 4.4 2.4 3.4 2.4 3.7 -19| -05
2.6 1.6 5.3 5.5 43 -1.0 5.6 3.7 6.2 5.0 3.8 6.1 0.1
21 06 57 -01 14 -02 34 13 58 44 31 46| -06
30 14 55 -02 28 20 76 28 41 32 72 121 04
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Annual PG&E QM Program Model

In addition to the summer peak day model, we also developed an annual QM model that could
be used to estimate yearly program impacts. For the annual model, the sample includes all
homes that participated in the PG&E QM program between December 2012 and May 14 that
had non-zero ex ante savings listed in the program documentation (i.e. tracking data). Unlike
the summer weekday model, the annual model uses all months and day types (i.e., weekdays
and weekends) with a more complex binning procedure. The resulting dataset includes 1,216
homes dispersed across four different climate zones.

Since this model includes all seasons and day types, we binned the home-days to four-
dimensional bins. Specifically, we used 20 home groups, 9 CDD groups, 9 HDD groups, and 2
day type groups resulting in 3,240 possible home-day bins. We assigned each day to a CDD
group and an HDD group that included a range of three degree-days each, up to a maximum of
26. Using multiple degree-days per group and setting a maximum limits the total number of
bins and thereby reduces processing time.

38 As with the overall hourly savings in Figure 28, many of these average daily savings values will not be statistically
significant (particularly some bin-level savings with very few home-days). Thus, individual bins with extreme values (e.g.
household group 19 with CDD 5) should not be a cause for alarm.
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Table 17: Summary of PG&E QM Program Annual Binning

Group Description Number of Groups

Homes Usage — weather normalized annual energy usage grouped by 20
percentile, with 1/20™ of the total assigned to each group in order of
smallest to largest

Days CDD — average of CDH rounded up to a whole number, assigned three 9
CDDs per group from 0-26 with all days higher than CDD 26 put into
the last group

HDD — average of HDH rounded up to a whole number, assigned 9
three HDDs per group from 0-26 with all days higher than HDD 26 put
into the last group

Day Type — flag for weekends that separates them from weekdays 2

Total® Home-Day Bins 3,240

Table 18 and Table 19 present the count of home-days in the post-period for the PG&E QM
annual model on weekdays and weekends respectively. As with previous tables, these tables
show the actual distribution of participant households and the weather they experienced in
the post period. In the annual model day-types are binned by combinations of both CDD and
HDD, and the table is labeled with the upper limit of each day-type (e.g. the day type bin CDD 2
includes all days with CDD between 0 and 2). We see more moderate days with CDD or HDD
ranging from 6 to 17 than especially high or low temperature days within each of the
household groups. Again, there are more home days in the home groups at the lower end of
the usage spectrum, because each home group represents about 5 percent of total baseline
electricity usage for all the homes in our sample.

39 Some bins have zero home-days. This is expected as certain combinations of groups are not present in the data, In
particular combinations of HDD and CDD groups because there were no days with extreme temperature ranges. For example,
the data did not include any days with a temperature range from 40°F-90°F, so there are no home-days assigned to both CDD
25 and HDD 25.. Our final pre-period model includes 990 bins.
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Table 18: PG&E QM Annual Model: Number of Home-Days in Each Bin (Annual -
Weekdays)

DaytType Weekdays
Household@Group | (I (AN (S (00 (A0S (OSSN0 (W] (N2 (N3 (M4 (ENNS (W6 NN/ (NS (RO (RO Total
CDD HDD

5 1
14
17
8
11
2
1 5
8
14 2
5
17 2
20 2 [[B,882 [MB,405 [M,773 [@R,796 [M,582 [M,305 [M,196 [M@,423 [M,927 [@H,993 [MR,125 [R,029 [MM,975 [M,776 [@A,801 [@A,586 [, 787 [@A,524 [@A,631 [, 101 | @@3,617
23 2 [{R,528 [@R,208 ([, 715 [@H,797 [[H,649 [MH,A461 [H,368 [H,578 (@H,197 [M,247 [@H,379 [[,286 [, 267 [H,141 [@H,153 @S9 [, 160 [MABS0 [[A,083 [H22
26 2 [@@,219 [@,993 [H,515 [@H,605 [@,451 [@1,275 [M,194 [MH,416 [@,064 [@H,120 [@,215 [@,180 [M,153 [@,007 [@,064 [BOS [@1,023 [ABS6 (MWMSY [MHB84 | [@R4,958
Total - 89,235 (88,128 [B2,173 (80,021 @7,896 [@7,396 [@2,775 [@2,016 39,101 37,500 36,166 5,656 [B4,422 33,847 0,315 31,771 27,727 24,969 (16,696 [RriER:LN}

Table 19: PG&E QM Annual Model: Number of Home-Days in Each Bin (Annual -
Weekends)

Day@ype Weekends
HouseholdGroup | L (TS (PP (FFRFRREND  (FMG (O (NS (GOS0 (MEMN] (MMM GEEM3 (MDA (AS  (FNe  (WAFN/  (WNFMNS (WHNAO (RO | Total
CDD HDD

2
5 77 97 ([BA4 ([HEB27 (MNB03 [MB03 [WMS2 [MR6S [R60 R4l 265
8 [, 276 [,073 [M,118 [H8S @HH20 MHB16 MHD4S [HW41l @869 [MHM0L [HB92

@35 @219 [EW10 [W@R00 [R03 [@EmS3 [N6S [@HN63 | MHB,287
(BS1 (B3l [HE27 [B47 (S8 @Sl [ESS [@HEE00 | [@S,142

1 [m,751 [@W,618 [W,575 [M,596 [M,408 [M,411 [@,287 [[M,247 [M@,215 [@A,217 [,107 [[M@,127 [@WW98 [A,094 [MS2 [MR37 @606 | {7,400
2 14 [m,780 [W,713 [WH,558 [@MW,497 [M,464 [H,389 [MW,345 [M,260 [M,187 [@,175 @H,070 [@H,098 [H,065 0,047 MMB47 [EES3 MB35 [AW67 MHE19 | FR4,710
17 [,546 ([,277 [@,317 [@W,233 [@W,152 [@W,127 [@W,109 @M®H39 [@W,014 [@HWSe [MHBS2 @HMS1 MHE1S [WEW62 @EMSS @HWB47 {27 @HB06 [ME02 M@HE29 | @S,280
20 [,545 [M,568 [M,361 [@W,371 [@W,312 [@M,222 [@M,189 [M,103 @E,117 [@,000 [MHE72 [@E61 [MAR72 [MHE19 MBSO MER30 MM26 @86 [MHE3S | [@R1,952
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26 [MB31 (W48 [EEMOS 31 [M14 [FANRO0 [MM17 (WB23 [AWB66 [MB19 [M@68 ([R66 [R74 [RS6 [@Hm30
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«
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[@@,221 [mW,078 [M,093 [@M,047 MMMO4 [WB97 [MMMSS [MHW77 [BA4 [HHE72 [{BS0 (@03 MBS0 (HHHS2 [HmS86
([AS3 (62 (MR00 [WMM39 [@WM71 [FEW6S [@WM69 [M30 [FM4S @m36 @07

[m,604 [m,380 [MN,665 [@M,230 [N,262 [@M,354 [@MW,321 [,008 0M,141 [A,066 [MAE07 [MME7S [AWE12 [WW@09 [MES4 [WSl [R5 [R39 [ME16 [WMRSS | [RO0,394
(367 {823 [HMA3 [HMBS1 [BS7 [AMB6S [ABSS5 (MAS1 MBS0 [MAR68 FR07 [R32 M@m@23 @243 @230 @A@02 [M83 MmS3 @20 {8,349
[@,702 [M,450 [HN,563 [@W,270 [W,270 [@W,210 [W,212 [W,059 [@W,023 [HM93 [HAE6S [HM7/8 R34 [WR/8 [MO6 [HM4l [MR11 [AB36 [HN73 [R21 | [RO0,185
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[,772 [,556 [M,321 @M, 289 [@M,196 [M,084 [W,060 [MW,113 [H04 [HHN07 [MABS1 MRS [RO7 [MHR2S [MAR12 @M30 [MR12 718 [FH6S | @R0,031
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26 [,006 [AB94 (MBS0 W25 [Be4 [AMBSS [MAB40 (B4l [MAMS1 [MHle [HS2 [H30 [S20 [@imMe3 (Mgl [FimM12 [meS MM0S @WES1 [WB04 | [@1,322
Total 26,862 23,373 22,937 20,571 [@9,735 [8,906 [8,715 [@6,860 [@6,588 [@5,415 [@4,808 [@4,276 [@4,067 [@3,595 @3,353 [@1,947 [@2,535 [0,942 [W,855 06,583 ﬂl|21,923

Since all of the households participated in the PG&E QM program during 2012-2013, we used
the full year of 2014 as the post-period for all savings estimations. This ensures that the
annual savings estimate is based on all four seasons and a wide range of daily temperatures.
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To test the reliability of the annual QM model, we randomly selected 30 percent of the homes
as a holdout sample and modeled the remaining 70 percent of the homes. Figure 29 shows the
comparison of the predicted load shape from the model (yellow) with the actual load shape
for the 30 percent holdout group (purple). The error of each hourly consumption prediction is
depicted with a 95 percent confidence interval shown as bars around each estimate. As with
the previous models, the annual QM model is able to produce very accurate predictions of
energy use for the holdout sample, with a difference between estimated and actual usage of
less than 1 percent over 24 hours.

Figure 29: PG&E QM Program Annual Predictions versus Actual of Holdout Homes, Pre-
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Figure 30 presents the comparison of the pre-installation predicted load shape from the
model with the actual pre-installation load shape for all bins combined, with all 1,166
households in four different climate zones (i.e., no holdout group). The error of each hourly
consumption prediction is depicted with a 95 percent confidence interval shown as bars
around each estimate. The modeled pre-installation period load shape (yellow) aligns very
closely with actual pre-installation load shape (purple), with a difference of about 0.1 percent
over 24 hours.

Figure 30: PG&E QM Annual Predictions versus Actual of Full Sample, Pre-Period
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Figure 31 below compares the pre-period predicted load shape (red) with the post-period
actual load shape (blue) averaged across all households. Whenever the post-period load shape
falls below the pre-period load shape, this indicates that savings were realized during that
hour (green bars). After adjusting for the error in the model, based on the sample of homes
used, the modeling approach finds approximately 3.6 percent annual savings attributable to
the QM program. As before, the largest impacts are realized during the later part of the day,
including during the peak period between 1:00 p.m. and 7:00 p.m.,*% highlighted in yellow.
The error of the hourly consumption predictions is shown using a 95 percent confidence
interval depicted with bars around each estimate. The error bands are tightest in the morning
from midnight to 7:00 a.m. and widest during the peak hours from 2:00 p.m. to 11:00 p.m.

Figure 31: PG&E QM Program Overall Annual Post-Period Model, All Months and Day
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40 We use the residential peak period of 1:00 p.m. to 7:00 p.m., as defined for PG&E’s residential Time-Of-Use rate plan (E-6).
http://www.pge.com/nots/rates/tariffs /ResTOUCurrent.xls
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Figure 32 shows the annual hourly kWh savings estimates from the previous figure with bars
depicting 95 percent confidence intervals around each estimate. We found statistically
significant hourly savings during the peak hours from 14 through 23. As with SCE, none of the
increases in usage (i.e., negative savings) were significant.

Figure 32: PG&E QM Program Annual Hourly Savings Estimates with Error Bars
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The PG&E QM annual model includes a day-type binning component allowing us to evaluate
energy savings for weekdays versus weekends. Figure 33 and Figure 34 compare the pre-
period predicted load shape (red) with the post-period predicted load shape (blue), averaged
across all households for weekdays and weekends respectively. The modeling approach finds
slightly higher savings on weekdays (3.7%) versus weekends (3.5%) however the differences
in hourly savings are not statistically significant.
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Figure 33: PG&E QM Overall Annual Post-Period Model, All Months; Weekdays
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Figure 34: PG&E QM Overall Annual Post-Period Model, All Months; Weekends
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Table 20 and Table 21 provide the average daily savings estimate for each group and bin in
the PG&E QM annual model on weekdays and weekends respectively. The columns show
households grouped by their weather normalized energy usage in the pre-period for each
home (highest users on the right) and the rows show days grouped by the temperature via
cooling degree-days (hottest days on the bottom). Each cell shows the estimated program
savings (kWh per day) for a specific home-day bin. We automatically color-coded the cells
with the highest kWh savings in dark blue and the lowest kWh savings in dark red; colorless
cells fall in the middle of this spectrum. In general in the annual model we see increased

savings as temperatures increase and weather normalized consumption increase with some
deviation from this trend in specific bins.
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Table 20: PG&E QM Annual Model: Program Savings (KkWh per day) by Bin (Annual -

Weekday)
DaylType Weekdays
Household®Group | T iz} [ (B @0 [E1 WW2 (W3 MA4 [AS (W6 [A7 (WS M9 RO
CDD___HDD
2 09 09 04 18 -11 13 -22 08 39 15 28 02 03 -02 70 43 79 -14 60 -125
5 03 08 01 04 07 02 -09 00 04 02 -03 04 00 -02 -19 -42 21 -17 07 =56
8 11 11 07 04 -07 00 -12 -02 02 -06 -06 -09 04 04 -09 -36 -14 -18 -17 77
11 10 11 06 04 -07 -01 -08 -05 -05 -03 -03 -12 02 02 -06 -27 -14 -15 -04 -48
2 14 12 08 08 01 -01 -03 -15 -12 09 -06 03 -11 00 -13 -04 -36 -07 -12 03 -60
17 15 23 15 11 11 09 00 -09 01 17 02 -02 11 -08 25 -19 00 13 11 -25
20 11 20 31 08 02 -01 -03 -15 03 07 02 05 21 -04 17 -38 01 -22 3.8 -146
23 17 11 12 10 06 00 -13 -16 -09 16 -02 -09 15 -06 15 -37 10 -07 -37 -11.4
26 12 09 11 01 -15 08 06 -27 20 17 04 -03 01 23 08 -63 25 39 35 -62
2 10 14 10 13 04 08 03 04 12 04 11 10 15 16 3.0 -09 -1.1 13 -40 26
5 08 13 10 07 01 04 -04 00 07 01 10 01 19 06 -13 -07 -11 17 02 -16
5 8 08 16 14 09 02 08 -05 05 03 -04 03 -03 01 05 01 -09 -12 -11 24 -60
11 01 00 11 00 06 06 -1.0 03 -07 -07 -14 -16 -15 -06 02 -3.6 -19 -32 15 -134
14 21 18 34 11 27 28 04 12 -02 07 09 07 15 24 14 -12 20 20 41 24
17 00 00 75 00 00 00 -05 00 00 00 -41 00 00 00 00 00 00 00 00 00
2 10 11 15 15 07 09 -01 -01 07 06 21 20 26 21 -16 08 00 45 -18 35
g 5 08 15 12 01 -10 06 -08 01 13 -03 07 -04 12 06 -14 06 04 10 23 52
8 06 05 15 -01 -06 -0.6 -14 -01 01 -02 -04 -10 -12 -06 -06 -29 -03 02 10 -43
11 00 09 04 -26 -16 -21 -49 27 59 -22 -25-116 -83 06 -40 -101 7.6 97 11 -96
2 09 21 25 21 14 27 18 30 28 34 40 33 37 33 25 46 46 68 31 091
11 5 20 15 15 15 07 15 05 07 14 21 15 03 16 29 09 38 37 11 50 88
8 10 -13 21 04 -12 -13 32 -06 11 35 -62 -11 73 -17 62 -57 -37 05 00 -10.7
1 2 13 24 28 36 30 30 28 44 52 53 60 62 63 56 46 77 83 100 86 167
5 1.0 06 08 -13 21 -24 03 06 39 02 -21 08 15 03 -47 43 37 05 58 29
17 2 18 38 34 49 49 45 41 61 72 77 77 80 76 78 75 104 117 128 140] 244
5 |36 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
20 2 32 58 42 74 76 74 65 95 118 109 110 101 113 11.8 139 146 148 170 20.7
23 2 47 71 64 88 81 70 70 89 103 117 164 86 112 129 107 176 180 19.3 240
26 2 73 54 59 145 19 146 146 3.5 82 102 178 77 141 54 28 147 18.11.336 127
Table 21: PG&E QM Annual Model: Program Savings (kWh per day) by Bin (Annual -
Weekend)
DaylType Weekends
Household®Group iz} [ MW (B @0 MWl @2 [A3 M4 (M5 M6 @7 [AS 9 [R0
CDD___HDD
2 16 06 -15 02 13 05 -1.9 20 47 07 -10 27 09 02 -20 02 04 152 129 -126
5 08 12 05 04 -08 05 -04 02 02 06 03 -08 02 -06 09 -42 24 16 50 -62
8 12 18 06 09 -03 08 -04 00 01 03 02 -09 15 01 -03 -35 -04 -09 04 -67
11 12 09 04 02 -02 08 -14 -05 -10 04 -01 -14 -03 -04 04 -24 -04 -28 02 -23
2 14 16 08 04 05 -02 09 -10 -16 -06 02 -07 -17 04 -03 06 -26 05 -21 19 -13
17 16 23 18 15 01 12 03 -03 03 06 02 -07 05 -11 23 -37 -08 09 18 -80
20 12 24 15 20 00 08 -05 05 06 11 12 02 22 00 22 -41 02 04 81 -88
23 25 25 40 17 03 25 10 -09 10 38 07 16 18 -29 20 -03 69 68 -51 -64
26 23 34 30 31 29 45 18 15 17 44 02 18 42 15 17 -13 29 39 78 11
2 5 12 16 19 14 29 18 22 20 27 15 15 44 30 06 05 21 18 18 04
5 13 16 06 11 01 10 -05 03 02 -02 05 -08 18 03 -27 -16 -1.0 01 -10 -29
5 8 09 16 08 03 08 11 -09 01 19 -03 -03 -10 09 09 04 -08 -18 -04 30 67
11 14 20 26 04 17 07 -11 -05 -14 -07 07 -03 05 07 04 -14 -19 -15 29 -115
14 13 07 17 05 14 11 -02 00 03 -06 -08 -09 -11 09 13 -42 -25 08 39 99
17 17 00 77 04 00 00 00 00 02 -06 00 00 00 00 00 00 00 00 00 00
2 12 19 27 29 14 29 19 20 29 23 32 33 40 32 26 21 27 47 34 41
g 5 11 20 19 06 -05 16 01 -05 08 04 08 -11 10 -08 -11 03 05 11 29 -17
8 05 00 08 -10 -03 07 -15 15 00 -03 -12 -28 -12 -07 -17 -08 26 19 -11 95
11 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
2 12 18 22 21 15 20 01 21 08 24 33 16 34 38 11 22 39 82 16 113
11 5 04 07 28 13 -13 -17 -23 05 03 07 -05 -18 08 30 24 44 28 27 32 85
8 00 00 32 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
1 2 13 27 34 34 28 38 43 49 29 59 72 42 44 49 67 79 85 88 80 190
5 08 28 02 -35 -42 -25 19 02 43 28 -25 -0.6 17 -33 55 59 103 -13 111 47
17 2 26 50 63 63 68 90 62 86 98 107 112 101 120 108 93 103 142 140 190 253
5 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
20 2 34 59 55 88 91 90 71 96 103 110 116 11.6 108 109 115 152 151 141 27.1)0889
23 2 45 91 42 96 49 110 69 66 99 115 125 102 101 67 51 147 152 233 168 106
26 2 97 85 68 125 24 181 72 -10 96 109 200 57 130 127 3.3 183 17.1] 344 163240
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Figure 35 shows our annual model’s predicted load shape (red) and what the households
actually consumed (blue) after participating in the PG&E QM program, by season. Note that
these are not separate models, but rather each season is calculated from the bin-level output
from the single annual model. When looking at the savings in kWh, most of the savings
occurred in the summer, which had an average daily savings of 1.6 kWh or 3.9 percent.
However, when looking at the savings as a proportion of total energy use, most of the savings
occurred in the fall, which had an average daily savings of 6.1 percent or 1.4 kWh.

Figure 35: PG&E QM Program Annual Model Results by Season
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Note that the summer load shape from the PG&E QM program annual model is similar to the
summer weekday model presented earlier, but the savings appear to be larger and occur
earlier in the day. While we did not investigate this issue in depth, factors that may be
contributing to these differences between the annual and summer only model include the

following:

e The summer peak model only includes weekdays, while the annual model includes
summer weekdays and weekends. These extra days result in additional savings during
the summer.

SCE: AMI Billing Regression Study

70

Evergreen Economics



EVERGREEN
LC

ONOMICS

—

e (CDDs were assigned to 9 bins in the annual model rather than the 25 bins used in
summer model. The random coefficients model is creating predictions based on the
specific observations in each bin, if the binning procedure is changed then the mix of
observations in a bin and the model’s predictions for that bin may also change.

e Season was not one of the binning factors. Hence, hot days in spring and fall were
included in the same bins as summer days with the same HDD and CDD. Bins
containing observations of warm summer days from the summer models will also have
similarly warm days from the spring and fall in the annual model. As with a change in
binning procedure, this would result in a different specific mix of observations in each
bin and thereby cause a change in the model predictions for each bin. We believe the
random coefficients model could likely be improved by including seasonal indicators in
the binning procedure.

We believe the results from the annual model better represents actual electricity usage
because, (1) the results from the annual model are based on many more days of summer-like
weather, and, (2) the annual model also considers the effect that any cooler hourly
temperatures that may occur in the summer have on electricity usage.

1. The Annual Model Considers More Days of Summer-Like Weather

First, in order to keep the size of the working data file manageable as we developed the
random coefficients model, we defined the summer model to include only data for weekdays
in July, August, and September. In doing so, we left out of this data set many summer-like days
in the shoulder months in which CDD was greater than zero. Our reason for doing this was
strictly parsimony. In the early stages of this project, we wanted to keep our approach simple
by focusing on the primary cooling months and only for weekdays. Once we were confident
that the random coefficients approach was sound, we then expanded the analysis to include
data for the entire year.

The difference in size of the working data set was substantial when we moved to the annual
model. The annual model not only includes weekends and days of cooler temperature, but
also includes many days with higher temperatures. For example, in the summer weekday
model, there were on average fewer than 200 observations per hour for each home-day bin.
Comparatively, when considering the entire year, but restricting to weekdays with CDD
greater than zero, there were nearly 350 observations per hour per home-day bin. The annual
model includes all of this additional information likely resulting in estimated load shapes that
are more representative of actual hourly electricity usage. In addition, the larger sample (on
average) in each bin results in a smaller standard error—all else equal—due to the greater
degrees of freedom.4!

41 Degrees of freedom represents the number of different ways in which a random variable can vary without
violating any constraint placed upon it. For our purposes, we assume degrees of freedom is equal to the number
of observations per hour for each home bin minus one.
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2. The Annual Model Considers the Effect of Cooler Hourly Temperatures

Due to the parsimony of the summer weekday model, we considered only CDD when
considering the temperature attribute of the home-day bin. Because of this, the summer
weekday model does not account for hours of cooler temperature that many residential
customers take advantage of to cool their home and reduce electricity usage. Comparatively,
the annual model explicitly considers both CDD and HDD in the development of each home-
day bin. We believe that the inclusion of HDD (representing opportunities for natural cooling)
resulted in estimated load shapes that better fit actual summer-time load shapes of program
participants.

Figure 36 shows the hourly kWh savings estimates and the 95 percent confidence intervals
from the annual model for each season. We also found that nearly all of the savings during and
after the peak period (hours 14-23) were statistically significant during summer and fall
months.

Figure 36: PG&E QM Annual Savings Estimates by Season
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A table with the results of the pre-period holdout sample and post-period for each of these
seasons by day type (weekdays versus weekends), as well as charts of the hourly savings and
error for each can be found in the report appendix.
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3 Model Comparison Summary and Recommendations

The preceding chapter describes how AMI data can be used in several different impact
analysis approaches, with details on both the analysis methods and results. As mentioned in
the beginning of this report, we also explored several other methods for analyzing AMI data,
but these methods were given less attention than the random coefficients model. The other
methods include:

o Fixed effects regression model
e PRISM
e ECAM

The results of the AMI analysis using these other methods are included as an appendix to this
report. The remainder of this chapter provides a comparison of estimation results across
these methods. The chapter concludes with some recommendations for future research.

3.1 Comparison Of Fixed Effects and Random Coefficients Models

An appropriate comparison of the fixed effects model approach with the random coefficients
model requires that each model use the same set of homes and billing data. For the purposes
of this research, we relaxed a common criterion for the fixed effects models, which is to limit
homes in the analysis to those with at least a full year of pre and post installation data. To
ensure a direct comparison in the results, we used all homes and all observations used in the
random coefficients model to model energy savings with a fixed effects model.

Table 22 compares the average household daily savings estimates produced by the random
coefficients model with the daily savings estimates produced by the fixed effects model using
monthly data for both the SCE QI and PG&E QM data. On an annual basis, the results of the two
modeling approaches are comparable. The SCE QI program savings estimate produced by the
random coefficient model of 1.91 kWh/day (7%) falls within the 95 percent confidence
interval of the fixed effects savings estimates of 1.89 kWh/day (6.76%).

The PG&E QM program results are also close between the two models, with PG&E QM
program savings estimated at 1.00 kWh/day (3.6%) by the random coefficient model and
0.76 kWh/day (3.04%) by the fixed effects model. The random coefficient model result for
kWh savings falls outside the 95 percent confidence interval of the fixed effects approach,
although the percentage of savings falls within the 95 percent confidence interval.#2

42 Note that the denominator when calculating the percentage of savings differs between the two models. The random
coefficients model uses the modeled expected daily consumption in the post period in the absence of the HVAC installation as
the denominator, whereas the fixed effects model uses the pre-period average actual daily consumption.
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The similarity of the annual impact estimates between the two models gives us confidence
that the random coefficients model provides reasonable savings estimates, as the estimates
are comparable to the industry standard modeling approach, the fixed effects model.

Table 22: Comparison of Random Coefficients and Fixed Effects Models

Random Coefficients Model Fixed Effects Model
Model Savings : Savings _
Daily kWh % Daily kWh %
(95% Cl) (95% Cl)
SCE Ql Annual 1.91£0.18 kWh | 7.00% + 0.60% | 1.89 +0.29 kWh 6.76% * 1.05%
PG&E QM Annual 1.00 £+ 0.06 kWh | 3.60% +0.21% | 0.76 +0.15 kWh 3.04% + 0.58%

The estimated savings in Table 22 represent the average annual program savings across all
households in the program. We did not attempt to develop separate fixed effects models for
some of the different subgroups covered by the random coefficients model. While it is possible
to develop fixed effects models for some subgroups (months, seasons), other sub-models are
not feasible (daily models, weekday vs. weekend models). In the typical fixed effects
specification, a single coefficient (or sets of coefficients, depending on the variables used) are
applied to all customers to estimate savings, in contrast to the random coefficients model that
lets the savings estimates vary by bin. Additional fixed effects models, therefore, need to be
developed manually for each subgroup to obtain savings estimates that vary across
subgroups. Developing separate models can be cumbersome for more than a few subgroups,
and in this area the random coefficients model provides a distinct advantage over the fixed
effects model as these models are generated automatically and therefore can be easily
developed for a high number of subgroups.

3.2 Comparison of ECAM and the Random Coefficients Model

In order to make an apples-to-apples comparison of the annual random coefficients model
and ECAM, we ran each model on the exact same set of homes and observations. We selected a
sub-group of PG&E QM program customers residing in CZ12, identified previously as CZ12f.
This group includes 193 homes, each with three years of complete data (i.e., no missing
observations from 2012-2014).

One important difference between these analyses is that the ECAM analysis used calendar
year 2012 to construct the pre-period baseline model for the group of homes and excluded all
observations in 2013, as this was the first year when the homes participated in the QM
program. This approach was a simple way of avoiding bias due to missing data.

The random coefficients model is not modeling groups of homes, but rather groups of home-
days. This more sophisticated approach allows the inclusion of all pre-period days from 2012
and 2013 for all homes in the modeling sample, resulting in one model for each type of home
on a day with specific weather conditions (CDD and HDD) and day type (weekend or
weekday). Both models used the full calendar year of 2014 as the post-period to ensure that

SCE: AMI Billing Regression Study 74 Evergreen Economics



EVERGREEN
ECONOMICS

the same days were being included in the calculation of PG&E QM program impacts and load
shape for this sample.

Figure 37 shows the results of the ECAM analysis, and Figure 38 shows the results of the
random coefficients model using the same 193 homes and days in 2014. In both charts, the
blue line represents the average actual consumption during each hour, and the red line
represents the model’s prediction of the average consumption during each hour. The random
coefficients model also depicts the estimated savings in each hour using green bars.

The daily actual kWh, predicted kWh, kWh savings, percent difference, and load shapes of
both modeling approaches are very similar. ECAM estimated the savings for these homes was
1.20 kWh per day (4.71%), while the random coefficients model estimated that the savings for
these homes was 1.26 kWh per day (4.94%). However, there are some differences in the
specific hours when the models suggest most of the savings occurred, with the largest hourly
savings occurring at 6:00 a.m. and from 3:00 p.m. to 5:00 p.m. in the ECAM model compared to
from 1:00 p.m. to 4:00 p.m. in the random coefficients model.

Figure 37: ECAM Results for CZ12f Sample
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Figure 38: Random Coefficients Model Results for CZ12f Sample
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ECAM and the random coefficients model generated very similar estimates of the hourly load,
total daily consumption, and kWh savings for this group of homes. In order to make this
comparison, we used the same filtered dataset for the random coefficients model that was
used by ECAM. This filter removed all homes with one or more missing hourly observations
during the study period of 2012-2014 from the sample. This filter excluded 168 households
(47%) from the modeling sample.

To see the impact of this filter, we ran the same random coefficients model on the full sample
of 358 homes. We excluded three homes with a missing period (e.g., no post-period
observations). We also excluded individual home-days with missing observations from the
168 homes with one or more missing hourly kWh consumption value, rather than removing
all observations for that home.

Figure 39 compares the pre-period predicted load shape (red line) with the post-period actual
load shape (blue) averaged across all households. Whenever the post-period load shape falls
below the pre-period load shape, this indicates that savings were realized during that hour
(green bars). After adjusting for the error in the model, based on the sample of homes used,
the modeling approach finds approximately 4.6 percent annual savings attributable to HVAC
maintenance provided through the PG&E QM program. In this example, the total daily savings
is quite similar to the sample of 193 homes shown in Figure 38, but the hours when most of
the savings occur has shifted from 1:00pm-4:00pm to 4:00pm-7:00pm.
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Figure 39: Random Coefficients Model Results for CZ12f Full Sample
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As with the fixed effects model, both ECAM and the random coefficients model produced
similar annual savings results. Both approaches also provide hourly load shape estimates, but
the random coefficients model is able to make use of more data, potentially making the results
more representative of all homes treated by the program. ECAM also requires that each model
be constructed manually, which further limits its ability to develop separate estimates for
different sub-groups of interest.

3.3 Comparison Of PRISM and the Random Coefficients Model

In order to compare directly the random coefficients model to PRISM, we ran both models on
the same set of 99 households from NEEA’s RBSA dataset.#3 Because the PRISM model was
based on daily consumption while the random coefficients model uses hourly data, we
aggregated the hourly predictions from the random coefficients model to the daily level.

Figure 40 shows the actual average daily total kWh consumption (purple), PRISM’s prediction
of the average daily total kWh (yellow), and the random coefficients model prediction of the
average daily total kWh (orange) for each month during the test period of April 2012-
September 2014. Both models were able to predict consumption reasonably well throughout
the study period. The overall percentage difference between the actual and predicted daily

43 This analysis excludes 4 of the 103 RBSA households due to a high number of missing observations in the metering data.
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kWh consumption was 4.0 percent for PRISM and 0.1 percent for the random coefficients
model. PRISM’s predicted consumption in winter months was more accurate than the random
coefficients model, with a percentage difference of -2.6 percent in the PRISM model and -5.7
percent in the random coefficients model. This underestimation during the winter months in
the random coefficients model may be caused by the fact that we capped heating degree days
at 70 for this example to reduce processing time, resulting in the same model predictions
being assigned to home-days with HDD of 70 as HDD of 80. During summer months, the
random coefficients model has more accurate predictions of total daily consumption than the
PRISM model for this group of homes, with a percentage difference of 5.4 percent in the
PRISM model and 2.2 percent in the random coefficients model.

Figure 40: Actual versus Predicted Daily Total Consumption Comparison
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The RBSA database has the advantage of having both whole house and HVAC metering data.
This allowed us to estimate a billing regression model and then validate the model’s ability to
isolate the HVAC consumption with the actual HVAC metering data for that same time period.
For both models, we assumed that all predicted weather-dependent consumption (i.e., any
consumption over the weather normalized baseline) was caused by operation of HVAC
equipment. We extracted this estimated HVAC consumption from the total energy
consumption predictions generated by PRISM and the random coefficients model, then
compared these to the actual HVAC consumption, as measured by the RBSA submeters.

SCE: AMI Billing Regression Study 78 Evergreen Economics



=

EVERGREEN

ECONOMICS
Figure 41 shows the actual average daily HVAC kWh consumption (purple), PRISM’s
prediction of the average daily HVAC kWh (yellow), and the random coefficient model’s
prediction of the average daily HVAC kWh (orange) for each month during the test period of
April 2012-September 2014.

The overall percentage difference between the actual and predicted daily HVAC kWh
consumption was 19.4 percent for PRISM and 1.2 percent for the random coefficients model.
PRISM’s model overestimated HVAC consumption during most months, while the random
coefficients model slightly overestimated HVAC consumption during winter months and
underestimated it during summer months. In the previous figures (total daily consumption)
we found that the random coefficients model underestimated total daily kWh consumption
during winter months, but here we see that the random coefficients model is quite accurate at
predicting the HVAC consumption for these months. This suggests that the random
coefficients model underestimation in total usage comes from an underestimation of the
consumption in winter months from end uses other than HVAC (e.g., lighting). It may be
possible to further improve the accuracy of the random coefficients model by including
seasonal indicators in the binning process, but this option was not explored as part of this
study.

Figure 41: Actual versus Predicted Daily HVAC Consumption Comparison
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In general, this comparison demonstrates that the random coefficients model is able to
produce results that are similar to PRISM. Additionally, we found some benefits to using the
random coefficients model instead of PRISM to estimate household energy consumption:

1. Interval Data - The finest granularity that PRISM can handle is daily observations,
while the random coefficients model can easily work with hourly data (it can also be
adapted to work for 15-minute or finer intervals).

2. Controls - The random coefficients model can control for additional factors when
modeling specific days. This version of the random coefficients model bins by day type;
other bins of interest could include holidays, weather variables beyond temperature
(e.g., rainfall), or period of home vacancy (e.g., tenant turnover). PRISM allows the user
to identify estimated meter reads, but all other days with unusual energy usage would
have to be dropped from the analysis to be controlled. Given the large number of data
points with AMI data, we would expect that the number of estimated meter reads is
much less of an issue than with monthly data.

3. Variation in Observations - PRISM requires the user to run sets of models with
households depending on which weather station they are assigned to. The random
coefficients model uses a station identifier to assign weather data to observations, but
from then on can look at all observations (from multiple stations) simultaneously. This
is particularly important when the data include homes from a large territory that spans
many climate zones.

3.4 Comparison Summary

Table 23 provides a summary of the benefits and limitations of these different approaches to
modeling AMI data. While all four approaches are capable of modeling daily and monthly
intervals, only three of the four (all except PRISM) are capable of modeling hourly or finer
intervals.

Based on our analysis, we believe that the random coefficients model provides the most
advantages for estimating impacts using AMI data. The random coefficients model has shown
itself to be extremely accurate when predictions are compared with a holdout sample. It also
has the advantage of being able to automatically generate load shapes (and subsequently
impact estimates) across a wide range of subgroups, in contrast to the other methods where
separate models need to be developed manually for each group. Since the random coefficients
model is a new technique, no existing software or programming text is readily available.
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Table 23: Benefits and Limitations of Four AMI Modeling Approaches

Characteristic

Modeling Approaches

Random
Coefficients

Fixed Effects

ECAM

PRISM

Capable of modeling
daily and monthly
intervals

Yes

Yes

Yes

Yes

Capable of modeling
hourly (or finer
intervals)

Yes

Yes

Yes

No

Automatically
generates results for
different segments
(e.g., home types, day
types, season)

Yes, this is
inherent in the
design

No, separate
models need to
be developed
manually

No, separate
models need to be
developed
manually

No, separate
models need to be
developed
manually

Accuracy of estimates
(based on analysis
presented in this
report)

Very accurate,
predictions for
holdout sample
typically within 1%

Accurate, annual
results similar to
random
coefficients
model

Accurate, annual
results similar to
random
coefficients model

Less accurate,
estimates
consistently
overestimated
HVAC load

Availability of Limited, some Common, many Free, public-use Available for
software options available options available | Excel tool with purchase from the
(LimDep, likely R) (e.g., LimDep, R, | detailed user developer
SAS) guides available
Capable of handling Yes Yes No, Excel has data | No

large datasets

limits

The four AMI modeling approaches each provide advantages in certain situations. Based on
our experience using each method with AMI data from the RBSA, QI, and QM programs, we
believe these models should be the preferred approach in the following situations:

¢ Random Coefficients Model - When hourly savings estimates and load shapes are
desired for multiple groups, at the customer and program level. This could include
groups of households (by demographics, regions, equipment type), types of days
(hottest summer days, seasons, weekday vs. weekend), or both.

o Fixed Effects Model - When only a single, annual program-level savings estimate is
needed, with no separate estimates needed by subgroup.

¢ Energy Charting and Metrics Tool (ECAM) - When working with small to mid-sized
datasets and segmentation is only needed for a few groups, and/or free software with
detailed user guides is desired.

¢ Princeton Scorekeeping Method (PRISM) - When there is no interest in hourly
savings or load shape, household-level savings are desired, and homes are suspected to
have significantly variable baseload heating/cooling temperature setpoints.

SCE: AMI Billing Regression Study

81

Evergreen Economics



EVERGREEN
ECONOMICS

3.5 Recommended Areas for Future Research

We believe that the preliminary research presented in this report demonstrates enormous
potential for the random coefficients model and represents a significant and positive
departure from current approaches to analyzing AMI data and estimating program impacts.
While analytically and conceptually more sophisticated than the fixed-effects model, the
additional complexity of the random coefficients model is necessary to take full advantage of
AMI data. As utilities continue to migrate their customers to interval meters, we believe it is
necessary that evaluators embrace methods of analysis that fully exploit the abundant
information contained in AMI data.

The initial analysis results relied on data from residential customers only and examined a
handful of scenarios to test the ability of the random coefficients model to simulate customer
load shapes and estimate energy savings. Although we believe these initial results are very
promising, they also suggest that further research in other areas is warranted. Suggestions for
research topics in the next research phase are discussed below.

Commercial customers. A logical next step is to test the random coefficients model on
commercial customers. Commercial customers typically will have greater variations in energy
use given the wider ranges of end uses, building types, and business activities relative to
residential customers. Potential IOU sources of commercial participant data involving HVAC
are the Upstream Commercial HVAC Program, the Commercial QM Program and the
Commercial QI Program. An initial test of the model can be done by using only the AMI billing
data for these commercial customers and testing how well the process outlined in this report
can predict load shapes. To estimate energy savings, additional data collection will be needed
to identify HVAC installation date (for the Upstream program), the number of HVAC units at a
site and the portion that were covered as part of the program. If any of these sites have HVAC
meters, then this information can be used to test how well the random coefficients model can
estimate the HVAC load for commercial customers.

Customer targeting based on demographics/firmographics. An intriguing area for future
research is linking customer characteristics to specific load shapes pattern. Given the binning
process, some of the steps needed to establish these links are completed automatically based
on the initial bin assignments. Once the load shapes are calculated, additional modeling would
focus on what customer characteristics are most correlated with specific load shapes. This
could be done through established discrete choice (i.e., logit) modeling techniques based on
whatever customer data are available, either through the utility records or other publically
available data sources (e.g., US Census, Dun and Bradstreet, InfoUSA). With additional
research, the discrete choice modeling component can also be automated to calculate a
propensity score for each customer based on their characteristics and estimated load shape.
This information can then be used by program managers for recruiting to specific energy
efficiency or demand response programs, or for tailoring programs that are more closely
matched to specific customer types.
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Comparison group. It is often desirable to include an appropriately matched non-participant
comparison group in the regression sample to help account for other factors that might be
affecting energy use but are not controlled for explicitly in the model. Without a comparison
group, the model may erroneously attribute changes in energy use to the program
intervention rather than to external factors such as economic conditions that might be
affecting energy use throughout the population. Future work with the random coefficient
models should explore the effects of using a comparison group on the load shape forecasts
and the energy estimates.

Changes to customer binning, setpoint temperature, holdout samples. This initial test of
the random coefficients approach only explored a limited number of variations in model
parameters, and examining more variations in these areas may yield additional improvements
to the approach. As discussed earlier in the report, one variation that should be explored is to
expand the binning processes to include a seasonal element, which may help explain the
differences observed across the daily and annual models for the summer impact estimates.
Additional work should also explore the accuracy of the model using a larger sample of
randomly selected holdout groups. Variations in the setpoint temperatures (currently at 65
degrees in the current models) should also be explored to determine if the model results are
sensitive to assumptions made regarding this parameter.

Demand response. A logical extension of the random coefficients model is to test it with
demand response programs. The basic modeling steps are consistent with the current impact
evaluation methods commonly used for demand response programs#*4, where historical
customer billing data are used to forecast energy use during an event period and then the
difference between the observed and predicted consumption during the event is used as the
estimate of program impacts. Current methods generally rely on developing these load
forecasts manually, and the random coefficients model provides an opportunity for this
process to be automated. Additional research comparing the traditional impact methods with
the random coefficients model for the demand response programs would be very beneficial
and could allow for more accurate models that are tailored more closely to different customer
groups.

Load forecasting. While this report explores using the random coefficients model in the
context of program evaluation, the ability of the model to forecast load shapes provides an
opportunity for broader load forecasting using a wider group of customers. With the binning
process, the customers are segmented based on energy use and weather conditions in such a
way as to remove a substantial amount of uncertainty from the model. In the applications
presented here, this has resulted in very accurate load shape predictions. Future research
could expand this to address larger customers groups (the entire residential or commercial

44 See Load Impact Estimation for Demand Response: Protocols and Regulatory Guidance, California Public Utilities
Commission, April 2008.
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population in a geographic area, for example) and determine how well a bottom-up approach
using the random coefficients model can produce accurate load forecasts. This could include
developing short term forecasts under extreme weather conditions as well as longer term
forecasts assuming historical average weather conditions.
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