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ABSTRACT

In the United States, consumers invest billions of dollars annually in energy efficiency, often on
the assumption that these investments will pay for themselves via future energy cost reductions.
We study energy efficiency upgrades in K-12 schools in California. We develop and implement a
novel machine learning approach for estimating treatment effects using high-frequency panel
data, and demonstrate that this method outperforms standard panel fixed effects approaches. We
find that energy efficiency upgrades reduce electricity consumption by 3 percent, but that these
reductions total only 24 percent of ex ante expected savings. HVAC and lighting upgrades
perform better, but still deliver less than half of what was expected. Finally, beyond location,
school characteristics that are readily available to policymakers do not appear to predict
realization rates across schools, suggesting that improving realization rates via targeting may
prove challenging.
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1 Introduction

Energy efficiency is a cornerstone of global greenhouse gas (GHG) abatement efforts. For example,
worldwide proposed climate mitigation plans rely on energy efficiency to deliver 42 percent of emis-
sions reductions (International Energy Agency (2015)). The appeal of energy efficiency investments
is straightforward: they may pay for themselves by lowering future energy bills. At the same time,
lower energy consumption reduces reliance on fossil fuel energy sources, providing the desired GHG
reductions. A number of public policies—including efficiency standards, utility-sponsored rebate
programs, and information provision requirements—aim to encourage more investment in energy
efficiency.

Policymakers are likely drawn to energy efficiency because a number of analyses point to sub-
stantial unexploited opportunities for cost-effective investments (see, e.g., McKinsey & Company
(2009)). Indeed, it is not uncommon for analyses to project that the lifetime costs of these in-
vestments are negative. One strand of the economics literature has attempted to explain why
consumers might fail to avail themselves of profitable investment opportunities (see, e.g., Allcott
and Greenstone (2012), Gillingham and Palmer (2014), and Gerarden, Newell, and Stavins (2015)).
The most popular explanations have emphasized the possibility of market failures, such as imper-
fect information, capital market failures, split incentive problems, and behavioral biases, including
myopia, inattentiveness, prospect theory, and reference-point phenomena.

A second strand of literature seeks to better understand the real-world savings and costs of en-
ergy efficiency investments. Analyses such as McKinsey & Company (2009) are based on engineering
estimates of both the investment costs and the potential energy savings over time rather than field
evidence. There are a variety of reasons why these engineering estimates might understate the costs
consumers face or overstate savings. Economists have also pointed out that accurately measuring
the savings from energy efficiency investments is difficult as it requires constructing a counterfac-
tual energy consumption path from which reductions caused by the efficiency investments can be
measured (Joskow and Marron (1992)). Recent studies use both experimental (e.g., Fowlie, Green-
stone, and Wolfram (forthcoming)) and quasi-experimental (e.g., Allcott and Greenstone (2017),
Levinson (2016), Myers (2015), and Davis, Fuchs, and Gertler (2014)) approaches to developing this
counterfactual. In this paper, we leverage tools from machine learning to develop and implement
a new approach for accurately estimating treatment effects using observational data. We apply
our approach to energy efficiency upgrades in K-12 schools in California—an important extension
of the previous literature which has focused on residential energy efficiency (Kushler (2015)). Our
method can also be applied in a broad class of high-frequency panel data settings.

We take advantage of two recent advances, one technological and one methodological, to con-
struct counterfactual energy consumption paths after energy efficiency investments. The first ad-

vance is the proliferation of high-frequency data in electricity markets, which provides a promising



opportunity to estimate treatment effects associated with energy efficiency investments wherever
advanced metering infrastructure (AMI, or “smart metering”) is installed.! From a methodological
perspective, high frequency data provide large benefits, but also presents new challenges. Using
hourly electricity consumption data allows us to incorporate a rich set of controls and fixed effects
in order to non-parametrically separate the causal effect of energy efficiency upgrades from other
confounding factors. However, over-saturation is a concern; fixed effects estimators that absorb
too much identifying variation can spuriously detect “treatment effects” that are simply artifacts
of measurement problems in the data (Fisher et al. (2012)).

To overcome these challenges, we lean on the second advance: a set of new techniques in
machine learning. Machine learning methods are increasingly popular in economics and other social
sciences. They have been used to predict poverty and wealth (Blumenstock, Cadamuro, and On
(2015), Engstrom, Hersh, and Newhouse (2016), Jean et al. (2016)), improve municipal efficiency
(Glaeser et al. (2016)), understand perceptions about urban safety (Naik, Raskar, and Hidalgo
(2015)), improve judicial decisions to reduce crime (Kleinberg et al. (2017)), and more. We extend
this literature to selection-on-unobservables designs using high-frequency panel data. In particular,
we use LASSO, a form of regularized regression, to generate school-specific prediction models of
electricity consumption while avoiding overfitting. We train these models on pre-treatment data
only, and use them to forecast counterfactual energy consumption paths in the absence of any energy
efficiency investments. Using machine learning enables us to create flexible, data-driven models of
energy use without fear of overfitting. The central insight of our approach is that machine learning
methods, designed to produce predictions, can be used to generate counterfactuals in panel data
settings, which we can then embed in a selection-on-unobservables context to estimate causal effects.
Because we perform the prediction school-by-school, our approach becomes empirically tractable.
To our knowledge, this is the first paper in economics to incorporate machine learning methods
into a selection-on-unobservables design in order to conduct causal inference.?

In particular, we match hourly electricity consumption data from public K-12 schools in Cali-
fornia to energy efficiency installation records, and exploit temporal and cross-sectional variation
to estimate the causal effect of the energy efficiency investments on energy use. Our data span
2008 to 2014. We use pre-treatment data only to develop a rich model of electricity consumption
at each school, and use these models to forecast electricity consumption into the post-treatment
period. Because these models are trained using only data prior to the energy efficiency upgrades

themselves, we can compare the resulting predictions of energy use to actual consumption data to

1. Over 50 percent of US households had smart meters as of 2016, and deployments are predicted to increase by
over a third by 2020 (Cooper (2016)).

2. In a recent NBER working paper, Cicala (2017) implements a variant on this methodology, using random
forests rather than LASSO, in the context of electricity market integration. In contemporaneous work, Varian
(2016) provides an overview of causal inference targeted at scholars familiar with machine learning. He proposes
using machine learning techniques to predict counterfactuals in a conceptually similar manner, although he does not
implement this approach in an empirical setting.



estimate treatment effects.

Comparing our machine learning approach to standard panel fixed-effect approaches yields two
primary findings. First, we show that estimates from standard panel fixed effects approaches are
quite sensitive to the set of observations included as controls as well as to the fixed effects included
in the specification. Our machine learning method yields estimates that are substantially more
stable across specifications. Second, and perhaps more importantly, we find that the panel fixed
effects method performs poorly in an event study check and a series of placebo tests. Even with rich
school-by-time-of-day and month-of-sample fixed effects, this approach appears to be prone to bias.
In sharp contrast, we see no evidence of systematic bias when we subject our machine learning
approach to the same event study and placebo tests. This suggests that our machine learning
method has the potential to outperform standard approaches in settings with high-frequency data.

Beyond our methodological innovation, we make a policy-relevant contribution to the literature
on energy efficiency. From a policy perspective, this paper departs from much of the previous
academic literature on energy efficiency by examining energy efficiency outside the residential sec-
tor. While 37 percent of electricity use in the United States in 2014 was residential, over half is
attributable to commercial and industrial uses such as schools (Energy Information Administration
(2015)). A more complete view of what energy efficiency opportunities are cost-effective requires
more evidence from a variety of settings, which, in turn, requires an informed understanding of the
costs and benefits of investment in settings that have traditionally been difficult to study.

Using our new method, we find that energy efficiency investments can lead to substantial energy
savings in schools, but the accuracy of ex ante engineering estimates of these savings vary signif-
icantly by the type of the investment. Across all types of investments, energy efficiency appears
to deliver between 2.9 and 4.5 percent reductions in electricity use. We also look at the two most
prevalent upgrade categories in our sample: heating, ventilation, and air conditioning (HVAC),
which makes up 51 percent of upgrades in our sample, and lighting, which makes up 22 percent of
upgrades. Investments in HVAC upgrades deliver between 3.2 and 4.6 percent reductions in energy
use, while lighting upgrades deliver savings of between 3.6 and 5.2 percent of energy consumption
on average. The majority of these savings come during daytime hours, with reductions up to 6
percent during the school day. These estimates translate into substantial savings, with the average
upgrade reducing energy use by around 45 kWh per school per day.

When we compare our savings estimates to ex ante expectations, however, we find that upgrades
are substantially underperforming relative to engineering projections. Across all upgrade categories,
the average upgrade delivers only 24 percent of expected savings. HVAC and lighting upgrades
perform somewhat better, achieving 49 and 42 percent of expected savings, respectively. We reject
realization rates of 100 percent—realized savings in line with engineering estimates—across all
upgrade categories, even when we trim the sample to exclude outliers and estimate realization

rates with an alternative treatment indicator. In addition to estimating realization rates on a



school-by-school basis, we also ask whether the average measured savings correspond to average
ex ante engineering predictions, regardless of where these upgrades occurred. This exercise yields
higher realization rates of 55, 103, and 68 percent of expected savings among all, HVAC, and lighting
upgrades, respectively. This suggests that while individual engineering projections correlate poorly
with actual savings at particular schools, the predictions do a better job of approximating reality on
average across the sample, in part because there is substantial heterogeneity across schools. In light
of this, we investigate whether information that is readily available to policymakers can be used
to predict which schools will have higher realization rates. Beyond basic information on location,
however, we are unable to identify covariates that correlate strongly with higher realization rates,
suggesting that improving realization rates via targeting may prove challenging in this setting.
The remainder of this paper proceeds by describing our empirical setting and datasets (Sec-
tion 2). We then describe the baseline panel fixed approach methodology and estimate results using
these standard tools (Section 3.1). Section 3.2 introduces our machine learning methodology, and
presents the results. In Section 4, we compare our savings estimates to the ex ante engineering

projections to calculate realization rates. Section 5 concludes.

2 Context and data

Existing engineering estimates suggest that commercial buildings, including schools, may present
important opportunities to increase energy efficiency. For example, McKinsey & Company, who
developed the iconic global abatement cost curve (see McKinsey & Company (2009)), note that
buildings account for 18 percent of global emissions and as much as 30 percent in many developed
countries. In turn, commercial buildings account for 32 percent of building emissions, with resi-
dential buildings making up the balance. Opportunities to improve commercial building efficiency
primarily revolve around lighting, office equipment, and HVAC systems.

Commercial buildings such as schools, which are not operated by profit-maximizing agents,
may be less likely to take advantage of cost-effective investments in energy efficiency, meaning that
targeted programs to encourage investment in energy efficiency may yield particularly high returns
among these establishments. On the other hand, schools are open fewer hours than many commer-
cial buildings, so the returns may be lower. Energy efficiency retrofits for schools gained prominence
in California with Proposition 39, which voters passed in November 2012. The proposition closed
a corporate tax loophole and devoted half of the revenues to reducing the amount public schools
spend on energy, largely through energy efficiency retrofits. Over the first three fiscal years of the
program, the California legislature appropriated $1 billion to the program (California Energy Com-
mission (2017)). To put this in perspective, it represents about one-third of what California spent
on all utility-funded energy efficiency programs (ranging from low-interest financing to light bulb

subsidies to complex industrial programs) and about 5 percent of what utilities nationwide spend



on energy efficiency over the same time period (Barbose et al. (2013)). Though our sample period
precedes most investments financed through Proposition 39, our results are relevant to expected
energy savings from this large public program.

Methodologically, schools provide a convenient laboratory in which to isolate the impacts of
energy efficiency. School buildings are all engaged in relatively similar activities, are subject to the
same wide-ranging trends in education, and are clustered within distinct neighborhoods and towns.
Other commercial buildings, by contrast, can house anything from an energy intensive data center
that operates around the clock to a church that operates very few hours per week. Finally, given the
public nature of schools, we are able to assemble relatively detailed data on school characteristics
and recent investments.

Most of the existing empirical work on energy efficiency focuses on the residential sector. There
is little existing work on energy efficiency in commercial buildings. Kahn, Kok, and Quigley (2014)
provide descriptive evidence on differences in energy consumption across one utility’s commercial
buildings as a function of various observables, including incentives embedded in the occupants’
leases, age, and other physical attributes of the buildings. In other work, Kok and co-authors
analyze the financial returns to energy efficiency attributes, though many of the attributes were
part of the building’s original construction and not part of deliberate retrofits, which are the focus
of our work (Kok and Jennen (2012) and Eichholtz, Kok, and Quigley (2013)).

There is also a large grey literature evaluating energy efficiency programs, mostly through
regulatory proceedings. Recent evaluations of energy efficiency programs for commercial customers,
such as schools, in California find that actual savings are around 50 percent of projected savings for
many efiiciency investments (Itron (2017a)) and closer to 100 percent for lighting projects (Itron
(2017b)). The methodologies in these studies combine process evaluation (e.g., verifying the number
of light bulbs that were actually replaced) with impact evaluation, although the latter do not use
meter-level data and instead rely on site visits by engineers to improve the inputs to engineering
simulations. In this paper, we implement one of the first quasi-experimental evaluations of energy

efficiency in schools.

2.1 Data sources

We use data from several sources. In particular, we combine high-frequency electricity consumption
and account information with data on energy efficiency upgrades, school characteristics, community
demographics, and weather. We obtained 15-minute interval electricity metering data for the
universe of public K-12 schools in Northern California served by Pacific Gas and Electric Company
(PG&E). The data begin in January 2008, or the first month after the school’s smart meter was
installed, whichever comes later. 20 percent of the schools in the sample appear in 2008; the median

year schools enter the sample is 2011. The data series runs through 2014. To speed computation



time, we aggregate these 15-minute observations to three-hourly “blocks.”?

In general, PG&E’s databases link meters to customers for billing purposes. For schools, this
creates a unique challenge: in general, school bills are paid by the district, rather than individual
school. In order to estimate the effect of energy efficiency investments on electricity consumption,
we required a concordance between meters and schools. We developed a meter matching process in
parallel with PG&E. The final algorithm that was used to match meters to schools was implemented
as follows: first, PG&E retrieved all meters associated with “education” customers by NAICS code.*
Next, they used GPS coordinates attached to each meter to match meters from this universe to
school sites, using school location data from the California Department of Education. This results
in a good but imperfect match between meters and schools. In some cases, multiple school sites
match to one or more meters. This can often be resolved by hand, and was wherever possible, but
several “clusters” remain. We use only school-meter matches that did not need to be aggregated.
Robustness tests suggest that the results presented here do not change substantively when we
include these “clusters.” Our final sample includes 2,094 schools.

The PG&E data also describe energy efficiency upgrades at the schools as long as the school
applied for rebates from the utility.® A total of 6,971 upgrades occurred at 1,039 schools between
January 2008 and December 2014. For each energy efficiency measure installed, our data include
the measure code, the measure description®, a technology family (e.g., “HVAC”, “Lighting”, “Food
service technology”), the number of units installed, the installation date, the expected lifetime of
the project, the engineering-estimate of expected annual kWh savings, the incremental measure
cost, and the PG&E upgrade incentive received by the school.” Many schools undertake multiple
upgrades, either within or across categories. We include all upgrades in our analysis, and break
out results for the two most common upgrade categories: HVAC and lighting. Together these two
categories make up over 70 percent of the total upgrades, and over 60 percent of the total projected
savings.

We also obtained school and school-by-year information from the California Department of
Education on academic performance, number of students, the demographic composition of each
school’s students, the type of school (i.e., elementary, middle school, high school or other) and

location. We matched schools and school districts to Census blocks in order to incorporate addi-

3. Robustness checks suggest that our results are similar if we aggregate to hourly blocks.

4. PG&E records a NAICS code for most customers in its system; this list of education customers was based on
the customer NAICS code.

5. Anecdotally, the upgrades in our database are likely to make up a large share of energy efficiency upgrades
undertaken by schools. PG&E reports making concerted marketing efforts to reach out to schools to induce them
to make these investments; schools often lack funds to devote to energy efficiency upgrades in the absence of such
rebates.

6. One example lighting measure description from our data: “PREMIUM T-8/T-5 28W ELEC BALLAST RE-
PLACE T12 40W MAGN BALLAST-4 FT 2 LAMP”

7. We have opted not to use the cost data as we were unable to obtain a consistent definition of the variables
related to costs.



tional neighborhood demographic information, such as racial composition and income. Finally, we
obtained information on whether school district voters had approved facilities bonds in the two to
five years before retrofits began at treated schools.®

We obtained hourly temperature data from 2008 to 2014 from over 4,500 weather stations
across California from MesoWest, a weather data aggregation project hosted by the University
of Utah.” We matched school GPS coordinates provided by the Department of Education with
weather station locations from MesoWest to pair each school with its closest weather station to

create a school-specific hourly temperature record.

2.2 Summary statistics

Table 1 displays summary statistics for the data described above, across schools with and without
energy efficiency projects. Of the 2,094 schools in the sample, 1,039 received some type of energy ef-
ficiency upgrade. 628 received only HVAC upgrades and 493 received only lighting upgrades. There
are 1,055 schools that received no upgrade. Our main variable of interest is electricity consumption,
which we observe every 15 minutes but summarize in Table 1 at the 3-hourly “block” level that we
use throughout the paper for computational efficiency. We observe electricity consumption data for
the average school for a three-year period. For schools that are treated, expected energy savings are
almost 30,000 kWh, which is approximately 5 percent of average electricity consumption. Savings

are a slightly larger share of consumption for schools with lighting interventions.'”

[Table 1 and Figure 1 about here]

The first three columns of Table 1 highlight measurable differences between treated and non-
treated schools. Treated schools use over 50 percent more electricity, have 30 percent more enrolled
students, different student demographics and are generally further south and further east. Figure 1
shows the spatial distribution of treatment and control schools. Schools that received HVAC and /or
lighting upgrades also look different across an array of observable characteristics from schools that
did not receive these upgrades (see the last four columns of Table 1. Schools receiving lighting
upgrades perform less well academically than non-upgrading schools, but this difference disappears
when comparing schools that did and did not receive HVAC upgrades. Because these schools are
different on a range of observable characteristics, and because these indicators may be correlated
with electricity usage, it is important that we consider selection into treatment as a possible threat

to econometric identification in this setting.

8. Bond data are from EdSource (edsource.org).

9. We performed our own sample cleaning procedure on the data from these stations, dropping observations
with unreasonably large fluctuations in temperature, and dropping stations with more than 10% missing or bad
observations.

10. Table 1 does not summarize projected savings, since all untreated schools have expected savings of zero.


http://mesowest.utah.edu/

3 Empirical strategy and results

In this section, we describe our empirical approach and present results. We begin with a standard
panel fixed effects strategy. Despite including a rich set of fixed effects in all specifications, we
demonstrate that this approach is highly sensitive to the set of controls that we include in our
analysis. Furthermore, routine checks - an event study analysis and placebo tests - demonstrate that
this approach is prone to bias. We proceed by developing a novel machine learning methodology,
wherein we generate school-specific models of electricity consumption to construct counterfactual
electricity use in the absence of energy efficiency upgrades. We demonstrate that this method is
substantially less sensitive to specification than our regression analysis, and show evidence that this

method outperforms the panel fixed effects approach in standard validity checks.

3.1 Panel fixed effects approach

The first step of our empirical analysis is to estimate the causal impact of energy efficiency upgrades
on electricity consumption. In an ideal experiment, we would randomly assign upgrades to some
schools and not to others. In the absence of such an experiment, we begin by turning to standard

quasi-experimental methods. We are interested in estimating the following equation:
Yio = BDit + v 1p + €itp (3.1)

where Y, is the log of energy consumption in kWh at school ¢ on date ¢ during 3-hour-block b.
Our treatment indicator, Dy, is the fraction of expected energy savings that school ¢ has installed
by date t.!1 The coefficient of interest, 3, is interpreted as the impact of going from no upgrades to
100% of the average portfolio of energy efficiency investments. «;;; represents a variety of possible
fixed effects approaches. Because of the richness of our data, we are able to include large numbers of
multi-dimensional fixed effects, which non-parametrically control for observable and unobservable
characteristics. In our most parsimonious specification, we control for school and hour-block fixed
effects, accounting for time-invariant characteristics at each school, and for aggregate patterns over
hours of the day.

We present results from several specifications with increasingly stringent controls. Our preferred
specification includes school-by-hour-block fixed effects, to control for differential patterns of elec-
tricity consumption across schools, and month-of-sample fixed effects, to control for macroeconomic
shocks or time trends in energy consumption. As a result, our econometric identification comes
from within-school-by-hour-block and within-month-of-sample differences between treated and un-

treated schools. Finally, e is an error term. Across all specifications, we cluster our standard

11. More concretely, suppose a treated school undergoes two upgrades with expected savings of 0.5 kWh each. The
variable will begin at 0, turning to 0.5 after the first upgrade, and to 1 after the second upgrade. This indicator is
always zero for untreated schools.



errors at the school level to account for arbitrary within-school correlation. We trim the sample to

exclude observations below the 1st and above the 99th percentile of the dependent variable.

3.1.1 Results

Table 2 reports results from estimating Equation (3.1) using five different sets of fixed effects. We
find that energy efficiency upgrades resulted in between 1.4 and 4.7 percent reductions in energy use
on average. These results are highly sensitive to the set of fixed effects included in the regression.
Using our preferred specification - Column (5) in Table 2, which includes school-by-hour-block and
month-of-sample fixed effects, we find that energy efficiency upgrades caused a 1.6 percent decline
in energy consumption at treated schools, although estimates with a slightly more parsimonious,
though reasonable, set of fixed effects indicate savings were over twice as large.!?

We also separately estimate results for three classes of upgrade: any upgrade, which includes
all upgrades in the sample; HVAC upgrades, compared against an untreated group of schools that
underwent no upgrades during our sample; and lighting upgrades, compared against the same un-
treated group as the HVAC upgrades. The results for HVAC are very similar to the results for any
upgrade. HVAC upgrades resulted in between 1.7 and 4.8 percent reductions in energy consump-
tion. Our preferred estimate for HVAC is a 1.8 percent reduction. Lighting interventions perform
somewhat better, with effect sizes ranging from 2.4 to 5.5 percent savings, with our preferred es-
timate suggesting reductions of 2.5 percent savings. These results are all precisely estimated; the
estimates in Column (5) are statistically significant at the 10 percent level for any upgrade and

HVAC upgrades, and at the 5 percent level for lighting.
[Table 2 about here; Figure 2 about here]

Figure 2 presents results from this same panel fixed effects approach, but now we allow the
treatment effects to vary by hour-block. We present results from two specifications, analogous to
Columns (1) and (5) in Table 2. The light blue lines include only school and hour-block fixed
effects; the darker blue lines have school-by-hour-block and month-of-sample fixed effects. Panel
A presents results for any upgrade; Panel B shows HVAC results; and Panel C shows results for
lighting.!® As in Table 2, adding more fixed effects attenuates the estimates toward zero. Across
any and HVAC upgrades, the estimated savings are relatively stable throughout the day, with the
exception of 6 AM to 9 AM. The increase in these morning hours may reflect schools ramping up
equipment that is powered down over night to a greater extent after the retrofits. Lighting estimates

display a somewhat different pattern, with the largest reductions coming during the main hours of

12. Appendix Table A1 presents results in levels rather than logs. In our preferred specification, we find reductions
of 0.9 kWh per hour for any intervention, 1.2 kWh per hour for HVAC interventions, and 1.6 kWh per hour for
lighting interventions. These results are also highly sensitive to specification.

13. Appendix Tables A2, A3, and A4 display the results in tabular form for any intervention, HVAC interventions,
and lighting interventions, respectively.

10



school operation in our preferred specification. Note that energy consumption in levels is highest
during normal operating hours (often twice as high as during the evening), so these figures mask
substantial differences in total energy savings across hours.'* Across the three upgrade types, the
treatment effect patterns in timing of savings are highly sensitive to specification. The specification
with less stringent controls estimates larger savings in the evening for all upgrade categories. This
may reflect differences in load shapes among treated and untreated schools. The estimates are more

stable across hour-blocks of the day in the regression with additional controls.

3.1.2 Robustness

The identifying assumption for the panel fixed effects model is that conditional on the set of controls
in the model, treatment is as-good-as-randomly assigned, or formally, that E[e;;|X] = 0. In our
preferred specification, this means that after removing school-by-hour-block-specific and month-of-
sample-specific effects, treated and untreated schools need to be trending similarly. While we can
never prove that this assumption holds, we can perform some standard checks to assess the validity

of this assumption in this context.

Event study We begin by providing graphical results from an event study regression. These
results shed light on the ability of our panel fixed effects approach to adequately control for under-
lying differences between treated and untreated schools over time. Figure 3 displays the impacts
of energy efficiency upgrades in the quarters before and after an upgrade takes place. The z-axis
plots quarters before and after the upgrade, with the month of replacement normalized to zero. We
plot point estimates and 95 percent confidence intervals from a regression with our preferred set of

fixed effects: school-by-hour-block and month-of-sample!® :

10

Y = Z Bq1[Quarter to upgrade = qli + @t p + Vitp (3.2)
q=—6

where 1[Quarter to upgrade = ¢|;; is an indicator for relative time in the sample, such that ¢ = 0
is the quarter of upgrade, ¢ — 6 is 6 quarters prior to the upgrade, and g + 10 is 10 quarters after

the upgrade, etcetera. We measure treatment effects relative to ¢ = 0.
[Figure 3 about here]

The results from this event study analysis present problems: we do not see strong evidence

that energy consumption is substantially reduced after the upgrades. Furthermore, we see strong

14. Boomhower and Davis (2017) measure the benefits of efficiency investments by time of day and show that
reductions in the middle of the day are worth significantly more in California.

15. Appendix Figure A1l shows the results for each of the five specifications in Table 4. All specifications display
marked cyclical patterns, and in no case do we see strong evidence that energy consumption declined sharply after
the upgrades were installed.

11



evidence of seasonal patterns in the estimates, even after including month-of-sample fixed effects.
This may be reflective of seasonality in upgrade timing, as many schools install upgrades during
holiday periods only. This suggests that, even using our preferred specification, treatment and

control schools’ energy consumption is likely not directly comparable.

Placebo test We next perform a placebo test to evaluate the extent to which the panel fixed
effects approach is appropriately controlling for time-varying unobservable characteristics which
may threaten our identification strategy. To do this, we begin with the set of schools that never
underwent an energy efficiency upgrade during our sample. We randomly assign 40 percent of
them to a “treatment” group, and keep the rest as our “untreated” group, and randomly assign the
“treatment” group a new treatment date, and generate an indicator equal to 0 for all “untreated”
schools, and equal to 1 for “treated” schools after their “treatment date”. We re-estimate Equation
(3.1) using this placebo treatment indicator as our regressor of interest. We allow the treatment
effect to vary across each of our eight hour-blocks. We estimate these “treatment effects” using
five different sets of fixed effects corresponding to the columns in Table 2 above. We repeat this

process 50 times, storing the hour-block-specific coefficients.
[Figure 4 about here]

Figure 4 presents the results of this exercise. Fach panel corresponds to a column from Table 2.
Each light gray lines show the hour-block-specific treatment effects from one placebo run. The
darker gray line shows the mean treatment effect for each hour-block. If our panel fixed effects
model were appropriately accounting for within-day differences between treated and untreated
schools, we would expect these lines to be flat—without intra-day patterns—and centered around
zero. Instead, across all specifications, we see marked patterns, with the largest “reductions”
in energy consumption occurring between 3 and 6 AM, and “increases” in energy consumption
occurring between 3 and 6 PM. These patterns persist even when we turn to our most stringent
specifications: Panel 4 displays results from a regression with school-by-hour-block-by-month-of-
year fixed effects and month of sample controls; Panel 5 displays results using school-by-hour-block
and month-of-year fixed effects. Even these specifications, which explicitly control for school-specific
hourly patterns, estimate non-zero placebo treatment effects. This suggests that our panel fixed
effects model is not adequately controlling for within-day consumption patterns that vary across

schools, and may return spurious or biased treatment effects.

Matching Our panel fixed effects approach is highly sensitive to the set of fixed effects, and the
results of our event study and placebo tests above suggest that even our preferred specification
does not fully control for time-varying differences between treated and untreated schools. In an

attempt to remedy these issues, we implement a nearest neighbor matching approach, with the
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goal of reducing selection bias that results from differences between treated and untreated schools.
We match each treated school to exactly one untreated school, using the mean, maximum, and
standard deviation of energy consumption in each hour-block prior to treatment, demographic
variables measured at the census block level (including the poverty rate and income), school-level
variables (including enrollment, age of the school, grades taught, an academic performance index),
and climate as observable characteristics to match on.

Matching presents a challenge in the school setting because energy efficiency upgrade decisions
are typically made at the district, rather than the school, level. This means that any matching ap-
proach where treated and untreated schools come from the same district will likely induce selection
bias: there was a reason, unobservable to the econometrician, that the treated school underwent
an energy efficiency upgrade and the untreated school did not. On the other hand, forcing across-
district matches undermines the ability of the matching approach to reduce observable differences

between schools.
[Table 3 about here]

With this caveat in mind, we present results from three types of matches: unrestricted, re-
stricted to schools in the same district, and restricted to schools in other districts for any type of
intervention. Table 3 displays the results of this approach.'® As above, the results are quite sensi-
tive to specification. When we allow unrestricted matches, we estimate treatment effects ranging
from 2.9 percent reductions (in our preferred specification) to 5.4 percent reductions. These results
are even more sensitive to the match candidates. When we restrict matches to be within the same
school district, the estimates range from 1.5 percent reductions to 1 percent increases in energy
consumption (0.1 percent increases in our preferred specification). Forcing matches to come from
opposite districts results in similar results to the unrestricted match, though these estimates are
somewhat attenuated, ranging from 2.1 percent reductions (in our preferred specification) to 5.1
percent reductions. The sensitivity to matching criteria and specification reflects a tension between
quality of candidate matches and selection bias on imperfect matches. These results suggest that

it is difficult to use matching methods to construct an appropriate counterfactual in this setting.

3.2 Machine learning approach

As demonstrated above, even with a large set of high-dimensional fixed effects, the standard panel
approach performs poorly on basic validity tests. We now take advantage of the richness of our

data to develop a novel machine learning method for causal inference in panel data settings.

16. Appendix Tables A5 and A5 present analogous results for HVAC and lighting interventions. The HVAC results
are similarly, if not more, sensitive to the set of allowable matches: when we allow matches with any district, we
estimate savings of 1.1 percent in our preferred specification, but restricting to same-district matches, we estimate
increases of 1.4 percent. We find reductions of 3.9 percent when we restrict matches to be outside of a school’s own
district. For lighting, we find reductions of 3.4 percent, 2.7 percent, and 0.4 percent allowing matches across any
district, the same district only, or other districts only with our preferred specification.
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3.2.1 Methodology

Machine learning is fundamentally about making predictions that perform well out-of-sample. The
central insight of our approach is that we can use machine learning methods to generate a coun-
terfactual: we predict what would have occurred in the absence of treatment. To do this, we use
machine learning methods on pre-treatment data to build unit-specific models of an outcome of
interest, use these models to generate predicted outcomes in the post-treatment period, and then
compare this predicted outcome to the realized outcome to compute treatment effects. This ap-
proach is data-driven, highly flexible, and computationally feasible. While we apply our method in
the context of energy efficiency upgrades, it could in principle be used in a wide variety of settings
where researchers have access to rich panel data.

Machine learning tools are particularly well-suited to constructing counterfactuals, since the goal
of building the counterfactual is not to individually isolate the effect of any particular variable, but
rather to provide a good overall prediction fit. With the goal of achieving high predictive power,
machine learning techniques give substantial flexibility to the algorithms to build a statistical model
that considers many potential regressors. Machine learning models tend to out-perform models that
are chosen by the researcher in a more idiosyncratic fashion when it comes to predictive power,
since they algorithmically trade off bias and variance to achieve out-of-sample performance. This
enables the econometrician to select models from a much wider space than would be possible with
trial-and-error.

This paper contributes to a small but rapidly growing economics literature on machine learning
for causal inference.!” The existing work in this area has focused on two areas. First, researchers
have been using machine learning tools to estimate heterogeneous effects in randomized trials while

18 Second, and more

minimizing concerns about “cherry-picking” (Athey and Imbens (2015)).
closely related to our work, economists are leveraging machine learning to improve selection-on-
observables designs. McCaffrey, Ridgeway, and Morral (2004) propose a method analogous to
propensity score matching but using machine learning for model selection. Wyss et al. (2014) force
covariate “balance” by directly including balancing constraints in the machine learning algorithm
used to predict selection into treatment. Finally, Belloni, Chernozhukov, and Hansen (2014) propose
a “double selection” approach, using machine learning in the form of LASSO, to both predict
selection into treatment as well as to predict an outcome, using both the covariates that predict
treatment assignment and the outcome in the final step.

We extend the literature on machine learning for causal inference to selection-on-unobservables

designs. Rather than using machine learning to predict selection into treatment, we leverage un-

treated time periods in high-frequency panel data to create unit-specific predictions of the outcome

17. Athey (2017) and Mullainathan and Spiess (2017) provide useful overviews.
18. These methods are incredibly useful when units are randomly assigned to treatment. In our context, however,
non-random selection makes this method undesirable, as the partitioning itself may introduce greater selection bias.
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of interest in the absence of treatment. We can then estimate treatment effects by comparing
real outcomes to predicted outcomes between treated and untreated periods. This enables us to
combine machine learning methods with a standard panel fixed approach, using within-unit within-

time-period variation for identification.

Prediction We use machine learning to generate school-specific prediction models of electricity
consumption at the hour-block level. In particular, we begin with pre-treatment data only. For
treated schools, the pre-period is defined as the period before any intervention occurs. For untreated
schools, we select a subset of the data to be the pre-treatment period by randomly assigning a
treatment date between the 20th percentile and 80th percentile of in-sample calendar dates.'®
Data after the treatment or pseudo-treatment date is set aside and not used for the purposes of
generating the model.?’

We use the Least Absolute Shrinkage and Selection Operator (LASSO), a form of regularized
regression, to generate a model of energy consumption at each school.?! We begin with a set of 3,000
possible covariates for each school-block separately, including day of the week, a holiday dummy,
a seasonal spline, a temperature spline, and interactions between all of these variables.?? The
LASSO separates the pre-treatment data from one school at a time into “training” and “testing”
sets. The algorithm finds the model with the best fit in the training data, and then tests the out-
of-sample fit of this model in the testing set, thereby guarding against overfitting.?? Ultimately,
the algorithm returns a prediction model for each school. Generating school-specific models is
important in our context, where there is a large degree of heterogeneity in energy consumption
patterns across schools. Creating predictions on an individual school-by-hour-block basis allows
our method to be extremely flexible, which helps to remove the types of bias displayed in the panel
fixed effects approach above.

We examine the resulting prediction models to ensure that the LASSO is yielding useful outputs.
We begin with the number of covariates in each model. The LASSO algorithm attempts to balance

the number of explanatory variables and the prediction errors of the model, in a way that the

19. We set the threshold to be between the 20th and 80th percentile to have a more balanced number of observations
in the pre- and post-sample.

20. Imagine an untreated school that we observe between 2009 and 2013. We randomly select a cutoff date for this
particular school, e.g., March 3, 2011, and only use data prior to this cutoff date when generating our prediction
model.

21. We use LASSO in this context because of its existing popularity in economics, but adapting this method to
instead use ridge, as recommended by Abadie and Kasy (2017) in certain settings, would be straightforward as it is
nested in the glmnet library in R that we use in our implementation. Other prediction algorithms, such as random
forests, could also be easily incorporated by modifying the prediction algorithm in the prediction step.

22. Because we are estimating school-block-specific models, each covariate is also essentially interacted with a school
fixed effect and a block fixed effect—meaning that the full covariate space includes over 6,000,000 candidate variables.
To make the approach computationally tractable, we estimate a LASSO model one school-block at a time.

23. This process is repeated several times, with a new randomly-selected “training” and “testing” dataset each time.
We use the glmnet library default method, which uses a cross-validation procedure to select the tuning parameter of

the LASSO.
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optimal model for any given school will not include all of the candidate regressors. In fact, we find
that the optimal models usually include between 50 and 100 variables. Importantly, however, the
variables are not the same for each school. In fact, we find that the joint set of variables across all
schools covers all of the more than 3,000 candidate variables that we consider for each school-block,
showcasing the flexibility of selecting a different model for each school. Panel A of Figure 5 displays
the relationship between the amount of training data and the number of non-zero coefficients in
the prediction model at every school in the sample. Intuitively, the LASSO selects fewer covariates
for schools with smaller training samples - this is indicative of the algorithm guarding against
overfitting. As the training set gets larger, so too does the number of covariates, up to a point -

there does appear to be diminishing returns from adding regressors in the prediction models.?*
[Figure 5 about here]

We can also inspect the selected covariates themselves. Because we expect holidays to dra-
matically impact electricity consumption in K-12 schools, our holiday indicator provides a useful
illustration of the results of the LASSO.?> Panel B of Figure 5 shows the coefficient on the holi-
day dummy (and its interactions - we allow up to 50 per school) in each school-specific prediction
model. The LASSO selected nearly 22,000 holiday variables across the more than 2,000 schools in
our sample. In addition, the coefficients on these variables are overwhelmingly negative, which is
in keeping with our ex ante predictions about the effects of holidays on energy consumption. This
suggests that the LASSO-selected models reflect real-world electricity use.

The final output of the prediction step in our method is a school-specific prediction model for
electricity consumption that we apply to each observation in our sample. Using the coefficients
from the prediction model in this first step, and observations on the covariates during our entire
sample, we predict energy consumption for the whole sample period for each school.?
Estimation Armed with predicted energy consumption at each school, we turn to the estimation
of treatment effects. Our ultimate goal is to compare our models’ predictions of energy consump-
tion with real energy use. In the absence of other confounding factors, the difference between

our predicted counterfactual energy consumption and our data on electricity use would be the

24. This is a good feature, as the LASSO algorithm works best in environments in which the true model is sparse,
i.e., even if we had lots of data, the algorithm would not pick all candidate variables in the model.

25. We define “holidays” to include major national holidays, as well as the Thanksgiving and winter break common
to most schools. Unfortunately, we do not have school-level data for the summer break, although the seasonal splines
should help account for any long spells of inactivity at the schools.

26. In the main text, we present results from models trained on the pre-treatment period only, which we use to
generate counterfactual predictions in the post-treatment period. We can also train the model on the post-treatment
period only, and instead generate counterfactual predictions in the pre-treatment period. Appendix Tables A11, A12,
and A13 compare the results shown below (“trained on pre”) with this alternative procedure (“trained on post”) and
estimates where we pool results from both training approaches (“pooled”). Reassuringly, the results are strikingly
similar across prediction approaches; the pooled results are somewhat more stable across specifications.
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causal impact of energy efficiency upgrades. Here, we present a series of estimators based on this
idea, but designed to estimate treatment effects in the presence of time-varying changes in energy
consumption.

We begin with a test of our method: we compute prediction errors—the average difference
between the realized (log) energy consumption and its prediction—at untreated schools in the

post- “treatment” period:”

T

BU 1_ IT Z Zyzt_ylt

i=PI+1 t=1

where there are I total units in the sample, and P is the proportion of treated units, such that
the first PI units are treated and the remaining (1 — P)I are untreated; there are m + r total
time periods, split into [—m + 1, 0] pre-treatment periods and (0, r] post-treatment periods; y;; is
realized energy consumption in school i at time ¢, and ¢;; is predicted energy consumption.?® If the
model has good performance out of sample, BU should be zero in expectation. Figure 6 displays the
results of this estimator: our “treatment effect,” an 0.2 percent increase in energy consumption, is
statistically indistinguishable from zero and if anything, positive—the opposite sign from what we
would expect an energy efficiency upgrade to deliver.?’

We may be concerned about trends in energy use over time confounding this simple comparison.

To test this, we can extend our estimator to compare prediction errors in the post-treatment period

with prediction errors in the pre-treatment period:

ﬁ B 3V — ( Z Z yzt yzt

1 PlI+1t=—m+1

Figure 6 shows that after controlling for changes over time, BUD yields an 0.4 percent decline
in energy consumption. We again fail to reject the null that the treatment effect is zero among
untreated schools. These two tests provide suggestive evidence that our machine learning models

are performing as expected.
[Figure 6 about here]

We can now leverage predicted energy consumption to estimate treatment effects at treated

27. Recall that we assigned every untreated school a random “treatment” date. We use only pre-“treatment” data
to train untreated schools’ models and validate our predictions out of sample.

28. To avoid clutter, we do not include the ’i’ subscripts on m and r (and generally abstract from issues associated
with unbalanced panels) although those parameters differ by school, as described above.

29. For this and all estimators below, we cluster our standard errors at the school level.
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schools. We begin with the simplest estimator:

T_ PITZZ yzt_yzt

i=1 t=1

which is analogous to BY, but with treated rather than untreated schools. If energy efficiency
upgrades deliver savings, BT should be negative, as predicted energy use, generated without any
knowledge of the upgrade, will overestimate actual energy consumption. This is exactly what we
see in Figure 6: a treatment effect of -4.4 percent, statistically significant at the 1 percent level.

As with the untreated schools, we can also compare treated schools to themselves over time:

s =T — le ;t;H vit — Jit)
We again expect this to be negative, and it is: Figure 6 shows the treatment effect estimate of -5.0
percent, statistically significant at the 1 percent level.
To the extent that there are systematic differences between the prediction and the observed
outcomes for untreated schools during the post period, and to the extent that these differences
reflect trends and biases in the predictive model that are common across schools, we can use these

differences as a bias correction for the treated schools by estimating:
BPD _ GT _ 3U
Y

which yields a post-differenced corrected treatment effect estimate of -4.7 percent (statistically
significant at the 1 percent level and shown in Figure 6) under the assumption of common trends
and shocks between treated and untreated schools.

We can also estimate a “triple difference” that exploits the differences in predictions between
treated and untreated schools during the pre- and post-period, by taking the differences of the

before and after estimators at treated and untreated schools:
BDD _ BTD _ BUD

This difference will tend to provide very similar results to those only using post data, as the
corrections using pre-treatment data are relatively small. Using this estimator, we find that energy
efficiency upgrades caused a 4.9 percent reduction in energy consumption, significant at the 1
percent level, and shown in Figure 6. Note that this triple difference relies on the same identifying
assumptions as the panel fixed effects estimator described in the corresponding section above,
namely, that conditional on covariates, treated and untreated schools are trending similarly. The

key difference is that for this estimator to be identified, we need treated and untreated schools to
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be trending similarly in prediction errors, rather than in energy consumption.

Taken together, these results suggest that our machine learning method is delivering causal
estimates of the impact of energy efficiency on electricity use. Estimates for untreated schools are
very close to zero, as expected, and all of the estimators using treated schools find treatment effects

between -4.4 and -5.0 percent.

3.2.2 Results

We now combine the machine learning approach with the same rich sets of fixed effects from our
panel fixed effects approach. Table 4 displays the results from estimating Equation (3.1) with
prediction errors for logged consumption in kWh as the dependent variable.?’ As in Table 2
which presents the panel fixed effects approach above, we show treatment effect estimates for five
different specifications and three different intervention types. Using the machine learning approach,
we find that upgrades reduce energy consumption by between 2.9 and 4.5 percent on average.
In our preferred specification, using school-by-hour-block and month-of-sample fixed effects, we
estimate a reduction of 3.1 percent. The estimates appear to be somewhat less sensitive to different
controls than the panel fixed effects estimates above. HVAC upgrades reduce energy consumption
by between 3.2 and 4.6 percent; using our preferred specification, we estimate savings of 3.2 percent.
Finally, lighting interventions save between 3.6 and 5.2 percent. Our preferred specification yields
a treatment effect of 4.1 percent for lighting interventions. These estimates are tightly estimated;

every point estimate in Table 4 is statistically significant at the 1 percent level.3!

[Table 4 and Figure 7 about here]

30. Because the regression is in logs, the prediction model is for log consumption, as opposed to consumption in
levels. Appendix Table A7 presents results for prediction errors based on consumption in levels. In our preferred
specification, we find reductions of 1.9 kWh per hour for any intervention, 2 kWh per hour for HVAC interventions,
and 2.4 kWh per hour for lighting interventions with our preferred specification. These results are less sensitive to
specification than their panel fixed effects counterparts in Appendix Table A1l.

31. We cluster our standard errors at the school level to account for arbitrary within-school correlation. Because we
care about the expectation of the prediction, rather than the prediction itself, our standard errors are unlikely to be
substantially underestimated by failing to explicitly account for our forecasted dependent variable. As a robustness
check, we also implement a variant on the double selection procedure described by Belloni, Chernozhukov, and Hansen
2014, allowing for proper inference with model selection, which we adapt to the panel setting. We first estimate a
LASSO to predict the timing of treatment, next estimate a second LASSO to predict electricity consumption, and
finally estimate a third LASSO with time as the dependent variable, in order to accomodate trends, which makes this
approach most comparable to specification (4) in our machine learning regressions. Similar to the standard double
selection procedure, we then regress energy consumption on treatment timing and the union of the non-zero-coefficient
variables from all three LASSOs. To make this computationally tractable, we apply the selection of variables on a
school-by-school basis. Then we residualize each dependent variable by the full set of controls, and implement the
final step, with all schools pooled, by regressing residualized prediction errors on residualized treatment date error and
residualized time error. These procedures are mathematically equivalent, via Frisch-Waugh-Lovell. This procedure
allows us to control for selection into treatment timing, which is potentially endogenous in our context, and also
allows us to do proper inference in a context where we have used LASSO for model selection. Appendix Table A14
display the results, which are quantitatively very similar to the main results presented here in terms of both point
estimates and standard errors.
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Figure 7 displays hour-block-specific results from the machine learning approach. Panel A shows
results for any upgrade; panel B shows results for HVAC upgrades only; and panel C shows results
for lighting upgrades only.?? The lighter blue lines present results with school and hour-block fixed
effects only, as in Column (1) of Table 4. The darker blue lines present results from our preferred
specification, as in Column (5) of Table 4, and uses school-by-hour-block and month-of-sample
fixed effects. In contrast with the panel fixed effects results from Figure 2, the machine learning
estimates are much less sensitive to specification. Not only are the overall treatment effect estimates
from the two specifications remarkably similar, but the treatment effects also appear to follow the
same within-day pattern regardless of specification. Furthermore, whereas the panel fixed effects
approach showed the largest treatment effects during the evening, the machine learning estimates
show the largest savings during peak hours of school operation: 9 AM to 3 PM - also among the
most valuable hours for reductions as discussed above. This pattern holds across all three types of
upgrades. For any upgrade and HVAC upgrades, we again see some evidence of morning ramping,
as the 6 AM to 9 AM block shows the smallest savings. Overall, these estimates appear to be

consistent with patterns of energy savings that we would have expected from these interventions.

3.2.3 Robustness

As with the standard panel fixed effects approach, the identifying assumption is that, conditional
on controls treatment is as-good-as-randomly assigned, or formally, that Ele;y|X] = 0. In our
preferred specification, this means that after removing school-by-hour-block-specific and month-of-
sample-specific effects, treated and untreated schools need to be trending similarly in prediction
errors, as our dependent variable is now the difference between predicted and actual log energy
consumption. This is analogous to having included a much richer set of control variables on the
right-hand side of our regression. In a sense, the machine learning methodology enables us to run a
much more flexible model in a parsimonious and computationally tractable way. Below, we subject
the machine learning approach to the same checks as the panel fixed effects method and find that

it performs substantially better.

Event study We again begin with graphical evidence from an event study regression of log
prediction errors on indicator variables for quarters relative to treatment. Figure 8 displays the point
estimates and 95 percent confidence intervals from estimating Equation (3.2) with log prediction
errors as the dependent variable, and including school-by-hour-block and month-of-sample fixed
effects, as in Column (5) of Table 4. We normalize the quarter of treatment to be zero for all

schools.??

32. Appendix Tables A8, A9, and A10 display the results in tabular form for any intervention, HVAC interventions,
and lighting interventions, respectively.

33. Appendix Figure A2 shows the results for each of the five specifications in Table 4. All specifications display
a downward shift in energy consumption after the upgrade, and we can never statistically distinguish the point
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[Figure 8 about here]

Figure 8 shows no statistically significant treatment effects in the 6 quarters prior to an energy
efficiency upgrade. Unlike in Figure 3, the point estimates do not exhibit strong seasonal patterns.
Furthermore, after the energy efficiency upgrades occur in quarter 0, we see a marked shift down-
wards in energy consumption. This treatment effect, of an approximately 3 percent reduction in
energy use, is stable and persists up to 10 quarters after the upgrade occurs. This event study figure
provides strong evidence to suggest that the machine learning approach - unlike the panel fixed
effects approach above - is properly specified, and effectively controlling for time-varying observable

and unobservable differences between treated and untreated schools.

Placebo test We perform the same placebo exercise as in Section 3.1.2 to evaluate the effective-
ness of the machine learning approach in capturing within-day patterns in energy consumption.
We again begin with untreated schools only; assign 40 percent to a fake treatment status, with a
treatment effect size of 0. We also generate a fake treatment indicator, which turns on only in the
machine learning post-training period for “treated” schools. We re-estimate (3.1) with this fake
treatment indicator as the independent variable of interest, allowing the effect to vary across each of
our eight hour-blocks. We estimate our “treatment effects” using the five fixed effects specifications

in Table 4, and repeat the process 50 times.
[Figure 9 about here]

Figure 9 shows the results of this exercise, with each numbered panel corresponding to a column
from Table 4. Each gray line depicts the results from one placebo draw; the thick gray line shows
the mean of the point estimates across each hour-block. If the model is properly specified, we
expect to see flat lines centered at zero. Unlike in the panel fixed effects approach, we find that
the estimated treatment effects are close to zero on average, amd display only minimal within-day
patterns. These results suggest that our machine learning method is less prone than the panel fixed

effects approach to generating spurious treatment effect estimates.

4 Policy implications

Using our machine learning approach, we find that energy efficiency upgrades reduce school energy
consumption by between 2.9 and 4.5 percent on average.?* These savings represent real reductions
in energy consumption which in turn translate into financial savings among schools. At the same

time, it is important to compare these savings to the ex ante engineering projections, which schools

estimates from zero in the quarters prior to the upgrades.
34. The panel fixed effects approach yields somewhat smaller estimates, ranging from 1.4 percent to 4.3 percent.
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used to make their investment decisions. This is particularly important because we observe a wide
set of energy efficiency upgrades in our sample, ranging from replacing a few fixtures, to upgrading a
whole HVAC system. In this section, we estimate a treatment effect that is proportional to projected
savings information that was available ex ante. This allows us to compare across heterogeneous

interventions, and to properly contextualize and interpret our savings estimates.

4.1 Comparing realized and expected savings

To compare the realized savings from energy efficiency upgrades to ex ante expected savings, we

estimate eequations of the following form:
Yito = —vSit + iy + €irn, (4.1)

where Y is electricity consumption (in kWh) for the panel fixed effects approach, and prediction
error (in kWh) for the machine learning approach.®® S;; is the cumulative expected savings installed
at school ¢ by time ¢, normalized to be in units of kWh, which we compute for each upgrade from
annualized engineering estimates.>® As above, a; ;, represents a flexible set of fixed effects, ranging
from school and hour-block fixed effects only to school-by-hour-block and month-of-sample fixed
effects.

The coefficient of interest is . Note that these regressions are in levels, as opposed to logs, so
that a coefficient of v = 1 can be interpreted as ex post realized savings matching, on average, ex
ante estimated energy savings at the school level. A coefficient larger than one would suggest that
the observed energy savings are larger than those predicted ex ante. On the contrary, an estimate

smaller than one would suggest that the ex post realized savings are not as large as anticipated.
[Table 5 about here, Figure 10 about here]

Table 5 presents the results for all interventions, HVAC interventions, and lighting interventions
for the same five fixed effects specifications shown above. In each panel, we present the estimates
for the regression approach, in which the dependent variable is electricity consumption, followed by
estimates based on the machine learning approach, in which the dependent variable is prediction
error from the machine learning model. Figure 10 displays the results from Column (5) of Table 5,
which includes school-by-hour-block and month-of-sample fixed effects, graphically. We find that,
across all specifications and upgrade types, realized savings are substantially lower than expected

savings. The panel fixed approach yields realization rate estimates between 22 and 29 percent

35. Because the prediction here is for consumption in levels, as opposed to logs, we re-run the LASSO model to
improve fit and preserve the linearity of the error term in the prediction.

36. For a concrete example, suppose that a school undergoes two upgrades, one that is expected to save 25 kWh,
and the other expected to save 75 kWh when normalized to the hourly level. S;; will be equal to zero before the first
upgrade, to 25 after the first upgrade, and to 100 after the second upgrade.
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across all upgrades; using machine learning, we estimate realization rates between 24 percent (our
preferred specification) and 30 percent. Our realization rate estimates are somewhat higher for
HVAC and lighting upgrades, with machine learning estimates ranging from 46 percent to 56
percent and 42 to 51 percent, respectively. All of the realization rates in Table 5 are statistically
different from 100 percent at conventional levels.

Energy efficiency policy discussions sometimes distinguish between “net” and “gross” savings,
where the former excludes inframarginal energy efficiency investments that customers would have
made even in the absence of an energy efficiency subsidy program. Because the machine learning
approach provides school-specific counterfactuals, it allows us to disentangle the extent to which
untreated schools in our sample (i.e., schools who are not receiving rebates from the utility) are
also reducing their consumption over time. As shown in Figure 6 above, we estimate zero savings
on average among our untreated group. This is reassuring, as it suggests that the low realized
savings are not driven by unmeasured efficiency upgrades at untreated schools, and are instead

likely driven by overly optimistic ex ante predictions or rebound.

4.2 Sensitivity to measurement error

Another possible explanation for our low realization rates is measurement error in our expected
savings data. There are many ways in which energy efficiency upgrade data can fail to reflect
on-the-ground realities. First, a plausible dimension of mismeasurement is in upgrade dates. Our
dataset ostensibly reports the date an energy efficiency upgrade was installed, but if some schools
instead reported the date an upgrade was initiated or paid for, if an upgrade spanned multiple
days, or if there is simply enumeration error, by treating all “installation dates” in our sample
as treatment dates, we may estimate realization rates that are biased towards zero. A second
important dimension of measurement error is in expected savings. Our own estimates, as well
as other recent work (e.g. Fowlie, Greenstone, and Wolfram (forthcoming)), suggest that ez ante
engineering estimates do not accurately reflect real-world savings. Even if these estimates accurately
described the impacts of a given intervention on average, the engineering projections could easily
fail to account for school-specific characteristics impacting the performance of the energy efficiency
upgrades in question. Even if such errors were to cancel on average across schools, this type of
mismatch could lead us to estimate a relatively low realization rate when comparing realized savings
to estimated savings on a school-by-school basis.

The vast heterogeneity across measures also can complicate estimating the effectiveness of these
energy efficiency interventions. Figure 11 shows the distribution of expected savings relative to
average energy consumption among the treated schools in our sample. The majority of interventions
are expected to save less than 10 percent of average energy consumption, but there remains a

substantial right tail, with some schools expected to reduce energy consumption by an unrealistically
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large amount. These data points could result from measurement error in expected savings, or from

a mismatch between schools and interventions.?”

[Figure 11 about here]

Including the schools at the right tail of the distribution in Figure 11 will lead us to estimate
small realization rates. For example, if a school installs an upgrade that is projected to reduce its
energy consumption by 100 percent, but in reality, this upgrade only reduces consumption by 5
percent, we will estimate a realization rate of 5 percent. If this same upgrade were instead only
expected to reduce consumption by 10 percent, we would instead estimate a realization rate of 50
percent. This highlights the potential consequences of measurement error in expected savings on
our realization rate estimates.

In light of the potential for measurement error in this context, we test the sensitivity of our
realization rate estimates to a variety of sample trimming approaches. Table 6 displays the results
of this exercise. Column (1) replicates the results from column (5) in Table 5, in which we regress
either electricity consumption or prediction errors on cumulative expected savings in kWh. In
this baseline specification, we trim the sample such that the observations below the 1st and above
the 99th percentile of the dependent variable are excluded. Column (2) explores the relevance of
measurement error in the timing of interventions by replacing our continuous treatment indicator
with a variable that is equal to zero for all pre-treatment periods, and turns to the average expected
savings over the post-treatment period as soon as a school installs its first energy efficiency upgrade.
Using this alternative treatment indicator, we find substantially large realization rates: 44, 58, and
58 percent for any, HVAC, and lighting upgrades with the machine learning approach. This suggests
that measurement error in the timing of treatment, or in the relative size of each intervention could
be attenuating our earlier realization rate estimates. We next use this same “binary” treatment
indicator, but now trim the sample to exclude observations outside the 1st and 99th percentile
in ezpected savings (Column (3)), or trim on both expected savings and the dependent variable
(Column (4)). We estimate somewhat larger realization rates in Column (3), though our estimates
in Column (4) are similar to those in Column (2). In every case, the point estimates remain below

1, and we can statistically reject 100 percent realization rates in all cases.
[Table 6 about here]

Equation (4.1) generates estimates of the average relationship between ez ante expected savings
at a particular school and that same school’s realized savings. In the presence of substantial
measurement error, or in cases where school-specific idiosyncrasies cause substantial mismatch

between individual estimates of projected savings and realized savings, this estimator will result in

37. The true right tail of this distribution is even longer. For graphical purposes, we remove the 15 schools for which
expected savings exceed 100 percent of average energy consumption from Figure 11.
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relatively low realization rates. In Column (5) of Table 6, we present an alternative calculation.
Here, we generate an estimate of the average expected savings in levels in the sample by estimating
Equation (3.1) with energy consumption or prediction errors in levels as the dependent variable.?®
We divide the implied average treatment effect from this regression by the average expected savings
across energy efficiency upgrades in the sample (weighted to be representative of the estimation
sample from the regression). This estimator essentially asks: do the average savings that we can
measure in the data correspond to the average ex ante engineering estimates, irrespective of which
school undertook each upgrade?3? Using this alternative estimator, we find average realization rates
of 55 percent for any intervention, 103 percent for HVAC interventions, and 68 percent for lighting
interventions using the machine learning approach.’’ These results underscore the importance of
accounting for measurement error and heterogeneity in evaluations of energy efficiency upgrades.
While Table 6 suggests that measurement issues are partially responsible for the low realization
rates we estimate in our baseline specification, these challenges do not appear to explain the full

gap between the ex ante estimates of expected savings and realized savings in our context.

4.3 Realization rate heterogeneity

The previous results suggest that heterogeneity in realization rates across schools can influence our
estimates of realization rates. Given the richness of our electricity consumption data, we can take
an additional approach and estimate treatment effects for each school separately.’ To compute
these school-specific estimates, we regress prediction errors in kWh on a school-specific dummy
variable, which turns to one during the post-treatment period (or, for untreated schools, the post-
training period from the machine learning model). The resulting estimates represent the difference
between pre- and post-treatment energy consumption at each school individually. We can then use
these school-specific estimates to understand the distribution of treatment effects, and try to unveil

potential systematic patterns across schools.

38. We use a binary treatment indicator here, which generates an estimate of average realized savings in kWh.

39. We must exercise caution when trying to compare the results from this estimator to estimates from Equation
(4.1). The ratio of average savings need not be equal to the estimate of the expected ratio, due to Jensen’s inequality.
If the savings realization rate were homogeneous across projects, then the two estimates would be equivalent. If
realization rates were larger (smaller) for larger projects, then the realization rate using this method should be larger
(smaller). In our case, larger projects tend to be correlated with lower realization rates, thus potentially making this
ratio estimator smaller. The presence of potential measurement error complicates the comparative statics further,
but goes in the opposite direction, contributing to making this estimator larger than the regression approach, which
could be attenuated.

40. The panel fixed effects approach is quite sensitive to our chosen set of fixed effects. For the specification we
report here, including school-by-hour-block and month-of-sample fixed effects, we find larger realization rates in
Column (5) than Column (1) for HVAC and lighting interventions, but substantially lower realization rates for any
upgrade.

41. The identification assumptions to obtain school-specific treatment effects are much stronger than when obtaining
average treatment effects, as changes in consumption at the school level will be confounded with the treatment effect.
Therefore, these estimates should not be taken as a precise causal measure of savings at any given school, but rather
as a first step that allows us to then project heterogeneous estimates onto school-specific covariates for descriptive
purposes.
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Panel A of Figure 12 displays the relationship between these school-specific savings estimates
and expected savings for treated schools. We find a positive correlation between estimated savings
and expected savings, consistent with the findings in Table 5, although there is substantial noise in
the school-specific estimates. Once we trim outliers in expected savings, we recover a slope of 43
percent, consistent with the findings in Table 6. Panel B presents a comparison of the school-specific
effects between treated and untreated schools. The estimates at untreated schools are much more
tightly centered around zero, which helps validate our methodology, and suggests that there may
be meaningful information in the school-specific estimates. In contrast, the distribution of treated
school estimates is shifted towards additional savings, consistent with schools having saved energy
as a result of their energy efficiency upgrades. These results suggest that energy efficiency projects
successfully deliver savings, although the relationship between the savings that we can measure and

the ex ante predicted savings is noisy.
[Figure 12 about here]

In light of our relatively low realization rates, we next try to project these school-specific
estimates onto information that is readily available to policymakers, in an attempt to find predictors
of higher realization rates. We do this by regressing our school-specific treatment effects onto a
variety of covariates via quantile regression, in order to remove the undue influence of outliers in
these noisy estimates.*> We include one observation per treated school in our sample, and weight
the observations by the length of the time series of energy data for each school. All variables are
centered around their mean and normalized by their standard deviation, such that we can interpret

the constant of this regression as the median realization rate.
[Table 7 about here]

Table 7 presents the results of this exercise. Column (1) shows that the median realization
rate for treated schools using this approach is around 50 percent, consistent with the aggregate
estimates in Tables 5-6. Column (2) shows that average realization rates are somewhat larger for
HVAC and lighting interventions, although this difference is not statistically significant. Latitude
and longitude appear to be associated with larger realization rate in column (3). This effect could
be driven by many potential factors correlated with location, such as weather, demographics, etc.
Columns (4)-(5) control for some additional covariates, such as total enrollment, the Academic
Performance Index and poverty rate, although these do not appear to significantly explain the

performance of the measures.*?

42. Ideally, we would also use a quantile regression approach in our high-frequency data, which would assuage
potential concerns about outliers. Because we rely on a large set of high-dimensional fixed effects for identification,
however, this is computationally intractable.

43. We explored a variety of other potential demographic variables, but we did not find any clear correlation with
realization rates.
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The lack of correlation between individual school-specific realization rates and the covariates
suggests that, in our data, it is difficult to identify which schools are most likely to delivering sav-
ings in line with ex ante expectations. This implies that uncovering “low-hanging fruit” may be
challenging, and, furthermore, that improving the success of the types of energy efficiency upgrades
in our sample via targeting will likely prove difficult. That said, uncovering patterns in the hetero-
geneity of realization rates is particularly challenging in our setting. First, our sample of treated
schools is relatively small—there are just over 1,000 observations in these quantile regressions, and
each of the schools is subject to its own idiosyncrasies, leading to concerns about collinearity and
omitted variables bias. Second, savings rates are noisily measured in our application, both because
the numerator (realized savings) is a noisy estimate, and the denominator (expected savings) is also
likely measured with error, deteriorating the signal-to-noise ratio and introducing potential bias.
It is possible that in samples with more homogeneous energy efficiency projects, and with a larger
pool of treated units, one could identify covariates that predict higher realization rates. This in

turn could be used to inform targeting procedures to improve average performance.

5 Conclusions

In this paper, we leverage high-frequency data on electricity consumption and develop a novel
machine learning method to estimate the causal effect of energy efficiency upgrades at K-12 schools
in California. In our new machine learning approach, we use untreated time periods in high-
frequency panel data to generate school-specific prediction of energy consumption that would have
occurred in the absence of treatment, and then compare these predictions to observed energy
consumption to estimate treatment effects.

We document three main findings. First, we show that our machine learning approach out-
performs standard panel fixed effects approaches on two important dimensions: first, the machine
learning treatment effect estimates are less sensitive to specification choice than the panel fixed
effects estimates, which vary dramatically with the set of included control variables and observa-
tions; and second, the panel fixed effects approach appears prone to bias in a graphical event study
analysis and a placebo test, while the machine learning method does not exhibit these biases in
these standard checks. Our approach is general, and can be applied to a broad class of econometric
settings where researchers have access to relatively high-frequency panel data. Second, using this
approach, we find that energy efficiency investments reduced energy consumption by between 2.9
and 4.5 percent on average, with somewhat higher savings for HVAC and lighting investments,
which deliver reductions between 3.2 and 4.6 percent and 3.6 and 5.2 percent, respectively. These
savings appear be driven by hours when school is in session, though we do find evidence of smaller
savings during evening and night hours. These savings represent real reductions in energy use, on

the order of 45 kWh per school per day, which translate into financial savings for schools which
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may be facing tight budget constraints. Finally, when we compare our estimated savings to ex ante
engineering projections, we find low realization rates. Overall, upgrades delivered approximately
24 percent of expected savings. For HVAC and lighting upgrades, realized savings are closer to ex
ante expectations, with realization rates of 49 and 42 percent, respectively. In all cases, we can
reject realization rates of 100 percent—with energy efficiency investments generally delivering less
than half of what was expected.

We test the extent to which measurement error and heterogeneity drive our conclusions. While
we find evidence of significant mismeasurement in expected savings—for example, schools whose
expected savings are greater than 100 percent of their average energy consumption—even with a
variety of sample trimming approaches and alternative treatment indicators designed to account for
these issues, we still find realization rates substantially below 100 percent. In our most optimistic
approach, we find realization rates of 65 percent for all upgrades, 71 percent for HVAC upgrades,
and 40 percent for lighting upgrades. Yet, we still reject realization rates of 100 percent, suggesting
that measurement error is not solely responsible for our low realization rate estimates. We also
find evidence of heterogeneous realization rates across schools. When we compare average realized
savings to average expected savings in the sample, regardless of where these upgrades took place,
we find substantially higher realization rate estimates: 55 percent across all upgrades, 103 percent
for HVAC upgrades, and 68 percent for lighting upgrades. This suggests that heterogeneity in real-
ization rates across schools is important. Using school-specific treatment effect estimates, we find a
noisy relationship between expected savings and estimated savings, with evidence of heterogeneity
across schools. Given this heterogeneity, we attempt to use information that is readily available to
policymakers to predict which schools will have higher realization rates. Beyond basic information
on location, we are unable to identify school characteristics that strongly predict higher realiza-
tion rates. This suggests that without collecting additional data, improving realization rates via
targeting may prove challenging.

This paper represents an important extension of the energy efficiency literature to a non-
residential sector. We demonstrate that, in keeping with evidence from residential applications,
energy efficiency upgrades deliver substantially lower savings than expected ex ante. These results
have implications for policymakers and building managers deciding over a range of capital invest-
ments, and demonstrates the importance of real-world, ex post program evaluation in determining
the effectiveness of energy efficiency. Beyond energy efficiency applications, our machine learning
method provides a way for researchers to estimate causal treatment effects in high-frequency panel
data settings, hopefully opening avenues for future research on a variety of topics that are of interest

to applied microeconomists.
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Table 2: Panel fixed effects results by type of intervention

(1) (2) (3) (4) (5)
Any intervention -0.043 -0.043 -0.047 -0.014 -0.016
(0.007) (0.007) (0.007) (0.008) (0.008)
Observations 19,113,434 19,113,434 19,112,574 19,112,574 19,113,434
HVAC interventions -0.043 -0.042 -0.048 -0.017 -0.018
(0.009) (0.009) (0.009) (0.010) (0.010)
Observations 14,840,990 14,840,990 14,840,266 14,840,266 14,840,990
Lighting interventions -0.052 -0.051 -0.055 -0.024 -0.025
(0.009) (0.009) (0.009) (0.011) (0.011)
Observations 12,849,542 12,849,541 12,848,929 12,848,929 12,849,541
School FE, Block FE Yes Yes Yes Yes Yes
School-Block FE No Yes Yes Yes Yes
School-Block-Month FE No No Yes Yes No
Month of Sample Ctrl. No No No Yes No
Month of Sample FE No No No No Yes

Notes: This table reports results from estimating Equation (3.1), with the log of hourly energy consumption (averaged
across “blocks” of three hours) as the dependent variable. The independent variable is defined as the fraction of total
expected savings that have been installed by time ¢, and takes on values from 0 to 1 in the treated schools, and 0
always in the control schools. A coefficient of -0.045, for example, means that going from 0 to 100% of a school’s
expected savings delivers energy savings of approximately 4.5% on average. Standard errors, clustered at the school
level, are in parentheses. All samples are trimmed to exclude observations below the 1st or above the 99th percentile
of the dependent variable. Regressions for HVAC and light interventions include only schools with an intervention
of this type and pure untreated schools that never underwent energy efficiency interventions of any kind during the

sample period.
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Table 3: Matching results — any intervention

(1) 2) (3) (4) ()

Any district -0.050 -0.051 -0.054 -0.030 -0.029
(0.012) (0.012) (0.013) (0.013) (0.012)
Same district -0.015 -0.015 -0.010 0.010 0.001
(0.014) (0.014) (0.015) (0.015) (0.014)
Opposite district -0.047 -0.047 -0.051 -0.026 -0.021
(0.012) (0.012) (0.013) (0.013) (0.012)
Observations 4,828,122 4,828,108 4,826,977 4,826,977 4,828,108
School FE, Block FE Yes Yes Yes Yes Yes
School-Block FE No Yes Yes Yes Yes
School-Block-Month FE No No Yes Yes No
Month of Sample Ctrl. No No No Yes No
Month of Sample FE No No No No Yes

Notes: This table reports results from estimating Equation (3.1), with the log of hourly energy consumption (averaged
across “blocks” of three hours) as the dependent variable. As above, the independent variable is defined as the fraction
of total expected savings that have been installed by time ¢. The untreated group in these regressions is chosen via
nearest-neighbor matching. In particular, we match one untreated school to each treated school. Each row in the
table employs a different restriction on which schools are allowed to be matched to any given treatment school.
“Any district” matches allow any untreated school to be matched to a treatment school; “same district” matches are
restricted to untreated schools in the same school district, and “opposite district” matches are restricted to untreated
schools from different districts. In each case, the matching variables are the mean, maximum, and standard deviation
of electricity consumption in each three-hour block (e.g., 9 AM-Noon) from the pre-treatment period; demographic
variables measured at the census block level, including the poverty rate, log of per capita income, school-level variables
(enrollment; age of the school; grades taught; an academic performance index; and climate). These estimates are
relatively sensitive to which schools are included. Standard errors, clustered at the school level, are in parentheses.
All samples are trimmed to exclude observations below the 1st or above the 99th percentile of the dependent variable.
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Table 4: Machine learning results by intervention type

(1) (2) (3) (4) (5)
Any intervention -0.044 -0.045 -0.045 -0.029 -0.031
(0.007) (0.007) (0.008) (0.008) (0.008)
Observations 19,113,602 19,113,602 19,112,664 19,112,664 19,113,602
HVAC interventions -0.044 -0.045 -0.046 -0.032 -0.032
(0.008) (0.008) (0.008) (0.009) (0.009)
Observations 14,841,225 14,841,225 14,840,437 14,840,437 14,841,225
Lighting interventions -0.052 -0.052 -0.052 -0.036 -0.041
(0.009) (0.009) (0.009) (0.010) (0.010)
Observations 12,849,701 12,849,701 12,849,024 12,849,024 12,849,701
School FE, Block FE Yes Yes Yes Yes Yes
School-Block FE No Yes Yes Yes Yes
School-Block-Month FE No No Yes Yes No
Month of Sample Ctrl. No No No Yes No
Month of Sample FE No No No No Yes

Notes: This table reports results from estimating Equation (3.1), with the prediction errors of the log of hourly
energy consumption (averaged across “blocks” of three hours) as the dependent variable. The independent variable
is defined as the fraction of total expected savings that have been installed by time ¢, and takes on values from 0
to 1 in the treated schools, and 0 always in the control schools. Standard errors, clustered at the school level, are
in parentheses. All samples are trimmed to exclude observations below the 1st or above the 99th percentile of the
dependent variable. Regressions for HVAC and light interventions include only schools with an intervention of this
type and pure untreated schools that never underwent energy efficiency interventions of any kind during the sample
period. All regressions include a control for being in the post-training period for the machine learning.
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Table 5: Realization rates by intervention type

(1) (2) (3) (4) (5)
Any intervention
Energy consumption (kWh) 0.259 0.272 0.289 0.228 0.220
(0.052) (0.054) (0.056) (0.054) (0.054)
Prediction error (kWh) 0.295 0.291 0.286 0.244 0.244
(0.094) (0.094) (0.097) (0.095) (0.093)
Observations 19,110,690 19,110,690 19,109,832 19,109,832 19,110,690
HVAC interventions
Energy consumption (kWh) 0.493 0.505 0.565 0.435 0.445
(0.099) (0.101) (0.099) (0.093) (0.098)
Prediction error (kWh) 0.561 0.552 0.543 0.456 0.489
(0.156) (0.156) (0.164) (0.161) (0.157)
Observations 14,841,361 14,841,361 14,840,641 14,840,641 14,841,361
Light interventions
Energy consumption (kWh) 0.375 0.394 0.416 0.301 0.302
(0.087) (0.089) (0.091) (0.100) (0.096)
Prediction error (kWh) 0.507 0.503 0.503 0.415 0.422
(0.112) (0.112) (0.115) (0.125) (0.123)
Observations 12,849,868 12,849,867 12,849,255 12,849,255 12,849,867
School FE, Block FE Yes Yes Yes Yes Yes
School-Block FE No Yes Yes Yes Yes
School-Block-Month FE No No Yes Yes No
Month of Sample Ctrl. No No No Yes No
Month of Sample FE No No No No Yes

Notes: This table reports results from estimating Equation (4.1), with energy consumption in kWh or prediction
errors in kWh as the dependent variable. The independent variable is the cumulative ez-ante expected savings from
energy efficiency implemented by time ¢, scaled to the hourly level. A coefficient of one, therefore, implies that
ex-post realized savings matched expected savings on average. Standard errors, clustered at the school level, are
in parentheses. All samples are trimmed to exclude observations below the 1st or above the 99th percentile of the
dependent variable. In all cases, we can reject realization rates of zero and one at the 95 percent level.
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Table 6: Realization rates: alternative estimation procedures

(1) (2) (3) (4) (5)
Any intervention
Energy consumption (kWh) 0.220 0.238 0.500 0.452 0.062
(0.054) (0.067) (0.084) (0.070) (0.092)
Prediction error (kWh) 0.244 0.437 0.652 0.465 0.552
(0.093) (0.109) (0.100) (0.065) (0.088)
Observations 19,110,690 19,113,764 19,276,456 18,914,829 18,911,601
HVAC interventions
Energy consumption (kWh) 0.445 0.429 0.637 0.579 0.492
(0.098) (0.112) (0.123) (0.121) (0.235)
Prediction error (kWh) 0.489 0.577 0.708 0.540 1.026
(0.157) (0.127) (0.140) (0.104) (0.222)
Observations 14,841,361 19,113,764 19,276,456 18,914,829 14,702,384
Light interventions
Energy consumption (kWh) 0.302 0.309 0.377 0.334 0.429
(0.096) (0.077) (0.093) (0.072) (0.156)
Prediction error (kWh) 0.422 0.479 0.396 0.351 0.676
(0.123) (0.122) (0.101) (0.062) (0.132)
Observations 12,849,867 19,113,764 19,276,456 18,914,829 12,732,420
Estimation method
Time-varying treatment X
Binary treatment X X X
Realized / expected savings X
Trimming
Dependent variable X X X X
Expected savings X X X

Notes: This table presents estimated realization rates and 95 percent confidence intervals for any intervention, HVAC
interventions, and lighting interventions. Column (1) repeats the estimates from Column (5) of Table 5, that is, uses
the cumulative ez ante expected savings installed by time t as the treatment variable, and the sample is trimmed
to exclude observations below the 1st and above the 99th percentile of the dependent variable. Column (2) uses
the same sample as Column (1), but instead uses a treatment indicator equal to 0 prior to treatment, and to the
average expected savings installed in the post-treatment period after treatment begins. Column (3) uses the same
dependent variable as Column (2), but trims schools to exclude the 1st percentile and 99th percentile of expected
savings. Column (4) repeats the analysis from Column (3), and trims the 1st and 99th percentile of both expected
savings and the dependent variable. Column (5) shows average realized savings divided by average expected savings
during the treatment period, trimming the 1st and 99th percentile of expected savings and the dependent variable.
All columns include school-by-block and month-of-sample fixed effects. Standard errors, clustered by school, are in
parenthesis. In all but one case (HVAC machine learning in Column (5)), we reject realization rates of 1 at 95 percent
confidence.
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Table 7: Realization rate heterogeneity

Variable (1) (2) (3) (4) (5)
Constant 0.495 0.440 0.537 0.610 0.676
(0.064) (0.125) (0.161) (0.144) (0.156)
HVAC (0/1) 0.018 0.044 -0.001 0.109
(0.131) (0.170) (0.152) (0.168)
Lighting (0/1) 0.048 -0.091 -0.118 -0.252
(0.127) (0.160) (0.142) (0.157)
Longitude 0.233 0.204 0.319
(0.187) (0.169) (0.188)
Latitude 0.319 0.342 0.430
(0.124) (0.113) (0.125)
Average temperature (° F) -0.028 -0.017 -0.100
(0.150) (0.135) (0.145)
Total enrollment 0.082 0.069
(0.071) (0.077)
Academic perf. index (200-1000) -0.037
(0.086)
Poverty rate 0.054
(0.092)

Expected savings (kWh)
Number of schools 1,004 1,004 978 930 858

Notes: This table presents results from median regressions of school-specific realization rates on a variety of covariates.
The school-specific realization rates are estimated from a regression of prediction errors (in kWh) on school-specific
treatment indicators and school-by-block-by-month fixed effects, where we trim the dependent variable to exclude
observations outside the 1st and 99th percentile. This table presents results for treated schools only. All estimates
are weighted by the number of observations at each school. Standard errors, robust to heteroskedasticity, are in

parentheses.
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Figure 1: Locations of untreated and treated schools

Untreated Treated

Notes: This figure displays the locations of schools in our sample. “Untreated” schools, in gray on the left, did not
undertake any energy efficiency upgrades during our sample period. “Treated” schools, in blue on the right, installed
at least one upgrade during our sample. There is substantial overlap in the locations of treated and untreated schools.
The light gray outline shows the PG&E service territory.
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Figure 2: Panel fixed effects results by hour-block
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Notes: This figure presents treatment effects and 95 percent confidence intervals for each three-hour block of the day
estimated using the log of energy consumption in kWh as the dependent variable. We present two specifications -
corresponding to Columns (1) and (5) in Table 2. The first (light blue) has only school and block fixed effects; whereas
the second (dark blue) has school-by-block and month-of-sample fixed effects. Panels A, B, and C present results for
any intervention, HVAC interventions (compared against untreated schools only), and lighting interventions (same
control group as B). Standard errors are clustered by school, and the sample has been trimmed to exclude observations

outside the 1st and 99th percentile of the dependent variable.
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Figure 3: Panel fixed effects event study
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Notes: This figure displays point estimates and 95 percent confidence intervals from event study regres-
sions of energy consumption before and after an energy efficiency upgrade. We estimate Equation (3.2)
with the log of hourly electricity consumption (in kWh, averaged by three hour block) as the dependent
variable. We normalize time relative to the quarter each school undertook its first upgrade. The under-
lying regression corresponds to Column (5) of Table 2, with school-by-block and month-of-sample fixed
effects, and includes both treated and untreated schools. Standard errors are clustered by school, and the
sample has been trimmed to exclude observations below the 1st or above the 99th percentile of the de-
pendent variable. Even with flexible controls, these estimates display strong patterns - perhaps reflecting
seasonality in upgrade timing. We also do not see strong evidence of a shift in energy consumption as a
result of energy efficiency upgrades.
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Figure 4: Panel fixed effects placebo treatment effects
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Notes: This figure displays the results of a placebo exercise with 50 runs. For each run, we begin with the untreated
schools only, and randomly assign half to “treatment,” which begins after a randomly-selected date. We then
estimate Equation (3.1) with the log of hourly energy consumption as the dependent variable, and the placebo
treatment indicator (“treat” x “post”) as the independent variable. Each gray line displays the hour-block specific
point estimates from one run. The dark gray line shows the average point estimate for each hour-block. Panel
numbers indicate different controls, and correspond to the columns of Table 2. If our regression model were properly
specified, we would expect to see flat treatment effects centered on zero. Even with the most flexible specifications,
which include school-by-hour-block fixed effects, however, we see marked hourly patterns in the placebos.
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Figure 5: Machine learning diagnostics
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Notes: This figure presents two checks of our machine learning methodology. Panel A displays the relationship
between the number of observations in the pre-treatment (“training”) dataset and the number of variables
LASSO selects to include in the prediction model for each school in the sample. Schools with very few training
observations yield sparse models. As expected, the larger the training sample, the more flexible the prediction
model becomes. This suggests that the LASSO is not overfitting. Panel B displays the marginal effect of
holiday indicators in each school-specific prediction model. 2,137 schools’ prediction models include at least one
interaction with a holiday indicator (we allowed for up to 50 in the LASSO model), for a total of 21,953 holiday
variables across all schools. Furthermore, the majority of the coefficients on these models are negative, which
suggests that the LASSO model is picking up patterns that we would expect to be present in the data.

42



Figure 6: Comparing machine learning estimators
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Notes: This figure shows average treatment effects, in the form of prediction errors based
on log electricity consumption in kWh (averaged across three-hour ”blocks”), from a variety
of different machine learning estimators. The effect marked U shows prediction errors (real
energy consumption minus predicted energy consumption) in untreated schools in the post
period only; UD presents prediction errors in the untreated group in the post period minus
pre-period prediction errors for the untreated group. We expect these effects to be close to
zero, as they use untreated schools only. The effect marked T presents prediction errors in
treated schools in the post-period only. T'D presents prediction errors in the treated group
in the post period minus pre-period prediction errors for the treated group. PD presents
post-period prediction errors in the treated group minus post-period prediction errors in the
untreated group. Finally, DD presents the prediction errors in the post- minus the pre-period
for the treated group minus prediction errors in the post- minus pre-period for the treated
group. For all estimators, we cluster our standard errors at the school level.
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Figure 7: Machine learning results by hour-block
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Notes: This figure presents treatment effects for each three-hour block of the day estimated using pre-
diction errors based on log electricity consumption in kWh (averaged across three-hour ”blocks”) as the
dependent variable. We present two specifications - corresponding to Columns (1) and (5) in Table 4.
The first (light blue) has only school and block fixed effects; whereas the second (dark blue) has school-
by-block-by-month-of-year fixed effects, as well as a month of sample control. Panels A, B, and C present
results for any intervention, HVAC interventions (compared against untreated schools only), and lighting
interventions (same control group as B). Standard errors are clustered by school, and the sample has been
trimmed to exclude observations outside the 1st anj 499th percentile of the dependent variable.



Figure 8: Machine learning event study
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Notes: TThis figure displays point estimates and 95 percent confidence intervals from event study re-
gressions of energy consumption before and after an energy efficiency upgrade. We estimate Equation
(3.2) with prediction errors based on log electricity consumption in kWh (averaged across three-hour
"blocks”) as the dependent variable. We normalize time relative to the quarter each school undertook
its first upgrade. The underlying regression corresponds to Column (5) of Table 4, with school-by-block
and month-of-sample fixed effects, and includes both treated and untreated schools. Standard errors are
clustered by school, and the sample has been trimmed to exclude observations below the 1st or above the
99th percentile of the dependent variable. Unlike the regression estimates displayed in Figure 3, there
is a clear change in energy consumption after the installation of energy efficiency upgrades, which per-
sists more than a year after the upgrade. Furthermore, we fail to reject differential energy consumption
between treated and untreated schools prior to the upgrades.
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Figure 9: Machine learning placebo treatment effects
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Notes: This figure displays the results of a placebo exercise with 50 runs. For each run, we begin with the untreated
schools only, and randomly assign half to “treatment,” which begins after a randomly-selected date. We then
estimate Equation (3.1) with prediction errors based on log electricity consumption in kWh (averaged across three-
hour ”blocks”) as the dependent variable, and the placebo treatment indicator (“treat” x “post”) as the independent
variable. Panel numbers indicate different controls, and correspond to the columns of Table 4. Each gray line displays
the hour-block specific point estimates from one run. The dark gray line shows the average point estimate for each
hour-block. If our regression model were properly specified, we would expect to see flat treatment effects centered on

zero. Unlike in Figure 4, we see that the placebos are close to zero on average and exhibit only minor fluctuations
over the course of the day.
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Figure 10: Realization rates by intervention type
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Notes: This figure displays realization rate estimates and 95 percent confidence intervals from estimating
Equation (4.1). We present results for the Panel fixed effects method (log energy consumption in kWh
as the dependent variable) and the machine learning method (prediction errors based on log electricity
consumption in kWh as the dependent variable) against the engineering estimate of 1. The regressions
in this figure include school-by-block and month-of-sample fixed effects, and correspond to Column (5) in
Table 5. Standard errors are clustered at the school level, and samples are trimmed to exclude observations
below the 1st or above the 99th percentile of the dependent variable. Realization rates are below 0.6 for all
types of intervention, with the HVAC interventions appearing to outperform interventions in any category.
In all cases, we can reject the engineering estimate of 1 at 95 percent confidence.
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Figure 11: Expected savings relative to consumption

400

300+
§%)
[)
o
=
3]
7]

S 2004
@
Q
IS
S
pd

100+

0 -

0 2 4 .6 .8 1
Expected savings (as percent of average electricity consumption)

Notes: This figure shows the distribution of expected savings relative to average electricity consumption
among the treated schools in our sample. While the median school is expected to reduce its energy
consumption by 6 percent of its average consumption, the mean school has expected savings equal to
15 percent of its average consumption, reflecting the substantial right tail. This figure excludes the 15
schools where expected savings exceed 100 percent of average energy consumption. This figure suggests
that there are irregularities in reported expected savings, as the expected savings-to-consumption ratios
in the right tail appear unrealistically high.
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Figure 12: School-specific effects
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Notes: This figure displays school-specific savings estimates. We generate these estimates by regressing prediction
errors in kWh onto an intercept and school-by-post-training dummies. We trim the sample in these regressions to
exclude observations below the 1st and above the 99th percentile of the dependent variable. The coefficients on
these dummies are the savings estimates. Panel A compares estimated savings with expected savings among treated
schools only. This method produces a realization rate of 0.43 (weighted by the number of observations per school after
removing outliers in expected savings), though there is substantial heterogeneity. Panel B displays kernel densities
of estimated savings in the untreated group (gray line) and estimated savings in the treated group (blue line). While

the untreated group distribution is narrow and centered around zero, the treated group appears shifted towards more
savings.
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