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Abstract
Energy efficiency programs funded by investor-owned utilities have become increasingly
prevalent in the state of California as we move closer towards our climate and energy
goals. Although these programs are available to all eligible entities, participation and
investments are likely not equitable across regions and socio-economic factors.

In this research study, led by the Clean Energy Transformation Lab (CETlab) at the
University of California Santa Barbara, in collaboration with California Energy Efficiency
Coordinating Committee (CAEECC), we investigate potential gaps in participation,
investments, and energy savings in energy efficiency programs aimed at public sector
entities, specifically local governments and K-12 public schools.

We use Welch’s t-tests to investigate differences between programs with the highest and
lowest investments and savings. We also employ multivariate regressions to understand
the relationship of investment and energy savings with various explanatory variables.
Finally, we spatial map our data to visualize patterns of program participation and
socio-demographic data.

Our results show that the degree of rurality is a significant factor that determines
participation, investments, and energy savings in local government energy efficiency
programs. More rural counties are less likely to participate and those that do participate
have lower investments and energy savings compared to more urban counties. At the
city-level, utility support through on-bill financing and non-resource programs contribute
to the drivers of investment and energy savings in local government programs. For K-12
public school programs, the percentage of eligible students for a free and reduced meal
plan and the percentage of Title 1 schools explain differences in investment and savings.

This research looks at participation data only from the years 2017 to 2019. Historical data
on participation prior to 2017 would improve this analysis. Further, surveys and interviews
of participants and stakeholders, especially in underserved areas, would be critical to
fully understand the barriers to participation. Such evaluation is essential to ensure
equitable access to energy efficiency programs across the state of California.
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I. Introduction
This research study, led by the Clean Energy Transformation Lab (CETlab) at the
University of California Santa Barbara, in collaboration with California Energy Efficiency
Coordinating Committee (CAEECC), investigates potential gaps in participation in energy
efficiency programs aimed at public sector entities in California.

A. Research Questions

The purpose of this research is to identify gaps in participation of energy efficiency
programs in the public sector. More specifically, we ask the following research questions:
1. Are there gaps in program participation by geographic areas?
2. Are there gaps in program participation by public agency criteria?
3. Are there gaps in program participation by socio-demographic groups?

Within each research question, we analyze three indicators: participation, investment,
and energy savings. Table 1 lists the various research questions, indicators, and
measurements that we analyze in this project.

Table 1. Overview of research questions, indicators, and measurements to identify underserved
participants in the public sector

Research Question Indicator Measurement Data Sources

Are there gaps in
program

participation by
geographic areas?

Participation
Number of public agencies

participating by county and by
city

CEDARS, Census

Investment Dollars (incentives) CEDARS, Census

Energy Savings
kWh or therms saved per public

agency
CEDARS, Census

Are there gaps in
program

participation by
public agency

criteria?

Participation

Number of public agencies
participating by type of public
agency (local government and

K-12)

CEDARS

Investment Dollars (incentives) CEDARS

Energy Savings
kWh or therms saved per public

agency
CEDARS
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Are there gaps in
program

participation by
socio-demographic

groups?

Participation

Number of public agencies by
county and city income level,
tax revenue, and calculated
DAC proportion (pollution

burden and population
characteristics)

CEDARS, Census
Tract,

CalEnviroScreen

Investment Dollars (incentives) CEDARS

Energy Savings
kWh or therms saved per public

agency
CEDARS

CEDARS: California Energy Data and Reporting System

II. Methodology
This research focused on two main groups of energy efficiency programs: local
government programs analyzed at the county-level and city-level and K-12 public school
programs analyzed at the county-level.

Public sector energy efficiency programs can be classified into four main categories as
shown in Table 2. Among these categories, the local government category has the
largest number of programs, gross measure costs, and lifetime kWh savings (Figure 1, 2,
3). In this analysis, we focus only on the local government energy efficiency programs
because of the large data set provided through CEDARS. Data on energy efficiency
programs within other public agency categories (state, federal, education) have low
sample sizes and do not provide adequate heterogeneity for a robust statistical analysis.
Further, some of the public sector entities such as the University of California (UC)/
California State University (CSU) Partnership and Department of Correctional Facilities
are centrally managed and their participation is likely not correlated to the characteristics
of the geographic area where they are located. In addition to the local government
programs, we also evaluate energy efficiency program participation by K-12 public
schools in California.
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Figure 1. Number of programs by category between 2017 and 2019. Federal programs are state
partnerships and are included in the state category. K-12 programs are included in the "Other
Education" category. Source: CEDARS.

Figure 2. Total gross measure costs by category between 2017 and 2019. Federal programs are state
partnerships and are included in the state category. K-12 programs are included in the "Other
Education" category. Source: CEDARS.
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Figure 3. Total lifetime energy savings by category between 2017 and 2019. Federal programs are
state partnerships and are included in the state category. K-12 programs are included in the "Other
Education" category. Source: CEDARS.

We followed the following steps in our methodology.
1. Preliminary exploration of participation data

a. Classify and group programs by categories and subcategories with
particular interest in local government and K-12 programs

b. Group programs by spatial regions (counties and cities)
2. Identify the overall differences in participation, investment, and energy savings

between groups with the highest and lowest program budget (investment) per
capita and total gross first year kilowatt-hour (kWh) energy savings per capita

3. Perform statistical and spatial analysis using economic and demographic
information to determine what is driving investment and energy savings in
participating groups

Table 2. Classifications of entities filing energy efficiency claims. (Source: Chris Malotte,
SCE Business Plan).

State Federal Education Local
Governments

State
Buildings,
State Park
Facilities,

Federal Buildings,
US Postal Service,
Hospitals, Ports,
Military Bases,

Higher Education
(UC/CSU/CCC)
K-12 Education

Cities, Counties,
Special Districts,

Solid Waste
Facilities,
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Hospitals,
Correctional

Facilities

Tribes Water/Wastewat
er Facilities,
Hospitals,

Correctional
Facilities

A. Data

In this section, we detail the various data sources used in our study, which include data
on energy programs (costs and savings), demographics, rurality, revenue, and K-12
schools.

Energy efficiency program data

Our primary source for data on energy efficiency programs is the California Energy Data
and Reporting System (CEDARS). We obtained zip-code level data on energy efficiency
programs in the state, along with their costs/budget, energy savings, and location. We
used the following data and variables from the CEDARS dataset in our analysis:

● Site information: Site ID, NAICS Code, Site Zip Code, Site City
● Costs: Program Budget
● Savings: Total First Year Gross kWh

To filter for programs specific to local governments, we manually go through the list of
programs and classify which programs seem like they are serving or targeting local
governments. To filter for K-12 programs, we filter based on the program data’s NAICS
codes. The NAICS codes we use to obtain energy efficiency data specific to K-12 schools
are: 611699, 485410, 611113, and 611112.

Though the CEDARS data is provided at the zip code level, we utilize two spatial
resolutions for our analysis: city and county. For our focus on local governments, we
conduct one iteration of our regressions with the energy efficiency program variables
aggregated to the city level, then we iterate the analysis again with the variables
aggregated to the county level. For our evaluation of K-12 programs, we aggregate the
energy efficiency data to the county level and only conduct our analysis at the county
resolution, as it is difficult to map school districts to cities.
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Demographics data

The CalEnviroScreen dataset identifies California communities that are most affected by
pollution and that are often especially vulnerable to effects of pollution. The
CalEnviroScreen dataset includes 20 indicators that can be grouped into four categories:
exposures, environmental effects, sensitive populations, and socioeconomic factors.
Indicators are provided at the census tract level. For a given census tract, each indicator
has both a score and a percentile of where that census tract’s indicator score falls
compared to all other census tracts in the state. CalEnviroScreen also calculates a
CalEnviroScreen score (CES score) for each census tract by multiplying the pollution
burden and population characteristics components together. Finally, CalEnviroScreen
uses this combined CES score to provide an assessment of whether the census tract is a
disadvantaged community (DAC). If a census tract’s CES score falls at or above the 75th
percentile, it is classified as a DAC.

Because the CalEnviroScreen data are provided at the census tract level, we aggregate
the data to the county and city level. For the CES scores, we calculate each city and each
county’s average CES score. For DAC proportions, we calculate the proportion of
disadvantaged communities within a county or city by dividing the number of
DAC-classified census tracts by the total number of census tracts for each county or city.

We obtain data on mean household income and population data from the U.S. Census
Bureau. For county-level data, we use the dataset directly provided by the Census
Bureau. However, because city-level reporting of census variables is not standard, we
use the Census Bureau’s tract-level data and CalEnviroScreen’s tract-to-city mapping to
aggregate the tract-level Census Bureau data to the city level. We also use shapefiles
from the Census Bureau’s TIGER/Line database for geospatial visualizations.

Rurality data

For our county-level analyses, we use the Index of Relative Rurality that was developed
by Purdue University and Mississippi State University (Waldorf and Kim, 2018). The IRR is
a continuous, threshold-free, and unit-free measure of rurality that is spatially tracked by
counties across the US. This index identifies the dimensions of rurality by population size,
density, remoteness, and percentage of built-up area. For our study, we use the median
of IRR scores from 2010 and 2000 for each California county.
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The USDA Economic Research Service uses rural-urban commuting area (RUCA) codes in
order to determine the degree of rurality for census tracts. We use the RUCA code
instead of IRR for the city-level analysis because of its census tract-level spatial
resolution. Much like the IRR, these codes are also based on population density in
addition to urbanization and daily commuting times. Unlike IRR, these codes are on a
scale of 1 to 10 (with 10 being the most rural) and are considered a categorical variable.

Revenue data

The California State Controller's Office (SCO) has open data on revenues, expenditures,
and other financial data reported by California's counties, cities, special districts, and
others. For our study, we use the mean tax revenues by county and by city over the 2016
to 2018 fiscal years. One note worth mentioning is that cities that have energy efficiency
program data but are missing revenue data (such as unincorporated territories, for
example) are excluded from the analysis.

K-12 data

For our K-12 analysis, we use different datasets from the California Department of
Education to develop variables that help us assess if schools are underserved and/or
underfunded. One variable we use is the percentage of the student population (within
each county) that is eligible for free or reduced-price meals (FRPM). The second variable
we use is the percentage of schools (within each county) that qualify for Title I status.
Title I is a federal program aimed at providing funding for schools that need funding
assistance. The third variable we utilize is the total amount of Local Control Funding
Formula (LCFF) entitlement schools within each county receive. Each school’s total LCFF
entitlement is a combination of the school’s various revenue sources: state aid, taxes,
lottery, and more.

B. Statistical Analysis

T-test Analysis

To evaluate the significance of multiple variables in determining participation in energy
efficiency programs, we compare areas with the lowest and highest quartiles of
investment and energy savings using Welch’s t-test. These variables represent various
socio-economic demographics including DAC proportion, CES score, income, population,
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tax revenue, degree of rurality, and race and ethnicity. We then identify variables with
statistical significance in difference using p-values.

Regression Analysis

We develop several multivariate regression models to study whether investment and
energy savings in energy efficiency programs for participating local governments and
K-12 institutions are dependent on certain socio-economic characteristics. We use two
different dependent variables for our regression analysis: budget (total and per capita)
and energy savings (total and per capita). The regression models can be expressed as
follows:

Budget/cost; energy savings += 𝑎 + β
1
𝑋

1
 + β

2
𝑋

2
+ β

3
𝑋

3
+ β

4
𝑋

4
β

5
𝑋

5

We cleaned and processed the raw data for each group before the regression analyses.
For each group, outliers with a Cook’s distance larger than 4/n were removed. Seven
counties that did not participate within the period of 2017 to 2019 were omitted for local
government programs in our county-level regression analysis. Twenty-six counties that
did not participate were omitted from the K-12 programs regression analysis. For our
city-level analysis, 119 cities were omitted because there was a lack of demographic
information. Further, 125 cities that did not have tax revenue information were also
excluded.

Due to the nature of our data, we developed both normal and Poisson forms of
generalized linear models (GLMs). The Poisson GLM accounts for the right skew we see
in the distribution of budget per capita and kWh saved per capita. We use normal GLMs
for y-variables that were log-transformed to resemble a normal distribution. We evaluate
the adjusted r square value, coefficients of the variables, and associated p-values to
determine the effect of the variables and its significance on the budget of and energy
savings from the energy efficiency programs. We also compare models to determine
which variables show up consistently as significant.

Geospatial Visualization

Using zip code-specified claims data from the CEDARS dataset, we present geospatial
visualizations of multiple variables to understand the spatial heterogeneity of program
participation and explanatory variables. Using the county TIGER/Line shapefiles provided
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by the Census Bureau, we use the statistical program R to visualize demographic
information of energy efficiency program participants by county onto a map.

III. Results
A. T-test Results

T-test results for the local government programs (aggregated at the county-level and
cities-level) and K-12 programs are shown in Tables 3, 4, and 5, respectively. Measures of
rurality (IRR and RUCA) at the county-level and city-level were significantly different
between the top and bottom quartile for per capita program budgets and energy savings
(Tables 3 and 4). Local government entities in counties and cities with lower program
budgets and energy savings are located in regions classified as more rural. Note that the
bottom quartile includes areas that did not participate (budget = 0) and the top quartile
includes outliers that were excluded from the regression analysis because of their
relatively high program budgets and savings.

Other variables that were significantly different in the county data include the percentage
of Asian community as well as population and tax revenue (only for per capita budget)
(Table 3). Counties with greater per capita energy efficiency program budgets are larger
in population and have greater tax revenues.

Differences in racial demographics were consistent between the two county-level
program data -- county-level local government entities and K-12 schools -- but are
opposite for the city-level program data. Exclusion of rural areas and the relative
affluence of suburban areas classified as relatively rural in the city data may explain
these differences. These discrepancies could also be a result of a lack of accurate
information on city boundaries and demographics.

For K-12 schools, in addition to the degree of rurality, the mean household income is also
significantly different between the counties in the top and bottom quartiles of program
budget and energy savings, with the bottom quartile associated with a lower median
household income for counties (Table 5). The bottom quartile of counties also has a lower
proportion of the Black or African American and Asian communities and a greater
proportion of the Native American community, likely reflecting their relative proportions in
urban versus rural areas of the state.
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Table 3. County t-test summary results. TQ is the top quartile. BQ is the bottom quartile. DAC:
disadvantaged community. CES: CalEnviroScreen, IRR: Index of Relative Rurality. Red shaded
boxes represent results where there was a significant statistical difference (p < 0.05) between the
two means.

Variables TQ kWh per
capita

BQ kWh per
capita

TQ Budget
per capita

BQ Budget per
capita

DAC proportion 0.13 0.07 0.13 0.07

CES Score Median 23 18 23 18

IRR 0.43 0.54 0.42 0.58

Population 714054 447597 765074 37814

Tax Revenue 4,767,084,977 2,072,543,947 495,686,094 304,903,948

Mean Household Income 62264 62111 62459 59751

% Black or African American 0.04 0.03 0.04 0.03

% White 0.81 0.83 0.80 0.84

% Asian 0.09 0.03 0.09 0.02

% American Indian or Alaska
Native

0.03 0.07 0.03 0.08

% Native. Hawaiian and Other
Pacific Islander

0.00 0.00 0.00 0.00

Table 4. City t-test summary results. TQ is the top quartile. BQ is the bottom quartile. DAC:
disadvantaged community. CES: CalEnviroScreen, RUCA: Rural Urban Commuting Area, LCFF:
Local Control Funding Formula. Red shaded boxes represent results where there was a
significant statistical difference (p < 0.05) between the two means.

Variables TQ kWh per
capita

BQ kWh per
capita

TQ Budget per
capita

BQ Budget per
capita

DAC proportion 0.14 0.14 0.14 0.14

CES Score Median 22 21 22 21

RUCA 3.2 2.4 3.2 2.8

Population 59600 96915 64707 51915
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Tax Revenue 119,272,996 216,500,420 187,627,705 147,967,621

Median Household Income 78,743 81,059 76,990 83,175

% Black or African American 0.03 0.03 0.03 0.03

% White 0.70 0.62 0.71 0.64

% Asian 0.10 0.15 0.10 0.14

% American Indian or Alaska
Native

0.01 0.01 0.01 0.01

% Native. Hawaiian and Other
Pacific Islander

0.00 0.00 0.00 0.00

Table 5. K-12 t-test summary results. TQ is the top quartile. BQ is the bottom quartile. DAC:
disadvantaged community. CES: CalEnviroScreen, IRR: Index of Relative Rurality, LCFF: Local
Control Funding Formula. Red shaded boxes represent results where there was a significant
statistical difference (p < 0.05) between the two means.

Variables TQ kWh per
capita

BQ kWh per
capita

TQ Budget per
capita

BQ Budget per
capita

DAC proportion 0.13 0.12 0.15 0.10

CES Score Median 22 22 23 21

IRR 0.38 0.51 0.38 0.52

LCFF per student 973 946 980 934

Percent Eligible for Free and
Reduced Meal Plan

0.54 0.63 0.54 0.63

Percent Title 1 Status 0.07 0.06 0.07 0.06

Mean Household Income 78,878 55,752 77,943 55,123

Percent Black or African
American

0.04 0.03 0.05 0.02

Percent White 0.77 0.85 0.77 0.86

Percent Asian 0.12 0.04 0.12 0.03

Percent American Indian or
Alaska Native

0.02 0.04 0.02 0.05
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Percent Native. Hawaiian and
Other Pacific Islander

0.00 0.00 0.01 0.00

B. Multivariate Regression Results

To evaluate gaps in energy efficiency program investments and savings for participating
local government entities and K-12 schools, we present results of our regression models
with 3 different dependent variables -- log of budget or savings, log of per capita budget
or savings, and per capita budget for the Poisson model. Within each type of model, the
first regression model (1, 3, and 5) includes only those independent variables identified
by stepAIC. The stepAIC function selects variables to simplify the model without
compromising the performance of the model. Models 2, 4, and 6 include most other
independent variables. We excluded some variables that were highly collinear with other
variables in the model.
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For the county-level analysis of local government programs, IRR was the most
consistently significant variable in driving both investment (Table 6) and energy savings
(Table 7). Local government programs in more rural counties are likely to have lower total
investments and energy savings. However, programs in rural counties are also likely to
have higher per capita investments and energy savings. Some models also show that
lower tax revenue per capita results in greater per capita investments and savings.

Table 6. County investment regression summary results.
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Table 7. County energy savings regression summary results.
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For city-level analysis, RUCA codes (measure of rurality), the percentage of on-bill
financing, and the percentage of resource-type claims are significant variables driving
both investment (Table 8) and energy savings (Table 9).

Table 8. Cities investment regression summary results.
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Table 9. Cities energy savings regression summary results.
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For K-12 programs, the percentage of eligible students for a free and reduced meal plan,
the percentage of Title 1 schools, and DAC proportion are significant variables driving
investment or energy budgets (Table 10). The lower the percentage of eligible students
for a free and reduced meal plan is, the smaller is the total or per capita energy budget.
In contrast, lower percentage of title 1 schools are correlated with lower investments.
Lastly, greater DAC proportions in counties are associated with lower energy efficiency
investments for participating counties. For energy savings, only the Poisson model
showed some independent variables to be significant -- percentage of eligible students
for a free and reduced meal plan, LCFF, IRR, and DAC proportion (Table 11).

Table 10. K-12 investment regression summary results.
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Table 11. K-12 energy savings regression summary results.

C. Spatial Characterization

We mapped different variables to see if there are any discernible geospatial patterns in budget,
energy savings, rurality, or socioeconomic characteristics in our analysis. In Figure 4, we map
the budget by county on the left and the lifecycle energy savings on the right. The highest
budgets are located in highly populated counties like San Francisco, Los Angeles, and San
Diego. The distribution of lifecycle savings appear to be more distributed, with the highest
savings occuring in the more coastal counties. When comparing with the map of IRR by county
in Figure 5, we can see that the counties with the highest IRR scores (lighter colors), which
represent the more rural counties, tend to have the lowest efficiency program budgets. The
scatterplots on the right of Figure 5 also show this trend between higher rurality scores and
lower budgets (as well as lower energy savings, to a slightly lesser degree).
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Figure 4. Spatial mapping of budget (in million USD) and lifecycle energy savings (in units of
million kWh) for all California counties. Note that the values are on a natural log scale.

Figure 5. Spatial mapping of IRR scores for all California counties and its correlation to budget (in
units of million USD) and lifecycle energy savings (in units of million kWh).

In Figure 6, we display the spatial distribution of K-12 variables such as the percentage of Title I
schools within each county (left) and the percentage of students eligible for free or reduced-price
meals (right). For the percentage of Title I schools, while we do see that the populous counties
such as San Diego and Los Angeles are on the higher end of percentages, some of the more
rural counties in northern California (Mendocino, Sutter, and Butte) actually have slightly higher
percentages of Title I status schools. We can also see that counties in the Central Valley, which
tend to be more rural as well, tend to have the highest percentages of students eligible for free or
reduced-price meals.
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Figure 6. Spatial mapping of the percentage of Title 1 schools (perc_title1) and the percentage of
eligible students for free and reduced-price meals(perc_eligible_frpm) for all California counties.

IV. Conclusions
Our results show that rurality plays an important role in determining participation in
energy efficiency programs and the level of energy efficiency investments and energy
savings. Program participation in more rural counties and cities tend to have smaller
investments and lower energy savings. These differences or “gaps” between rural and
urban counties and cities could be due to a lack of resources, assets, or exposure to
energy efficiency programs within more rural communities.

On the finer spatial scale of cities, utility support through on-bill financing and
non-resource programs contribute to the drivers of investment and energy savings. For
K-12 schools, school poverty proxy variables including the percentage of eligible students
for a free and reduced meal plan and the percentage of Title 1 schools explain
differences in investment and savings.

A. Limitations

Our study examines energy efficiency programs from the year of 2017 to 2019. We do not
have access to information on program participation prior to these years. Prior years’
data are not available due to structural changes in how public utilities reported energy
efficiency program information in the past. Our conclusions assume that past
participation patterns are similar to those in 2017 - 2019.
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Some public sector entities have likely participated in programs classified as commercial
instead of public sector. However, we were not able to identify those programs and
separate information for public sector participants from the larger commercial programs.
Therefore, we cannot include these programs in our study and limit our scope to
programs that are strictly categorized as public sector.

To evaluate local government program participation at a finer spatial resolution, we
analyzed the local government energy efficiency program data at the city-level. However,
we omitted 244 cities out of 536 from the regression dataset due to a lack of
demographic and tax revenue data, which likely affected the results of our city-level
analysis.

Our analysis shows only the strength and character of the relationship between certain
variables to investment and energy savings. Additional surveys and interviews of
participants and stakeholders, especially in underserved areas must be included in future
research in order to fully understand the barriers preventing participation.
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