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Improving the energy efficiency of buil-
dings is often viewed as one of the most
promising strategies for climate policy.
In addition to avoiding carbon emissions,
retrofit and renovation programs can lower
households’ energy bills, improve air quality
within homes, and may create jobs. Given all
these potential benefits, renovation projects
are taking a central role in economic stimu-
lus packets for COVID-19 recovery, both in
the and in the US. However, because of
recent evidence that energy savings from
these programs often do not meet expec-
tations, have started to
guestion if they are in fact cost-effective
strategies for carbon abatement,

EnergyEcolab team member, Mateus
Souza, along with coauthors Peter Christen-
sen, Paul Francisco and Erica Myers, dive
deep into this issue in a forthcoming paper
at
(REStat). The paper dissects this common
“wedge” between expected and realized sa-
vings from energy efficiency programs. The
same coauthors, plus Hansen Shao, have
also published a showing
that machine learning tools can be used to
help improve funding allocation within the-
se programs.

To better understand the wedge, the
team studied the Ilincis Home Weatheriza-
tion Assistance Program (IHWAP), which is
the Illinois implementation of the largest
residential energy efficiency program in the
United States. The program is intended to
reduce energy bills for thousands of low-in-
come households in the US, by improving
the heating, ventilation, and air conditioning
(HVAC) systems in their homes. In the RES-
tat paper, the team analyzes detailed pro-
gram information, including data on housing
structure and demographics collected du-
ring energy audits for more than 9,800 ho-
mes served by the program. Monthly energy
billing data was also available for those ho-
mes. Using a

, the paper investigates the impor-
tance of three channels that have been pro-
posed to explain the wedge: 1) systematic
bias in ex ante engineering measurement
and modeling of savings, 2) workmanship,
and 3) the rebound effect (savings may be
offset in case households increase the in-
tensity of HVAC usage once the system be-
comes more energy efficient).

Results suggest that bias in model pro-
jections is one of the primary contribu-
tors to the wedge. Up to 41% of the wedge
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can be explained by discrepancies between
projected and realized savings in five major
retrofit categories: air sealing, furnace re-
placement, wall insulation, attic insulation,
and windows. Results are particularly stri-
king for wall insulation, as shown in Figure
1. The red squares are point estimates of
how the performance wedge increases de-
pending on expenditures in that measure,

compared to homes that received zero wall
insulation spending. The whiskers represent
95% confidence intervals. The figure shows,
for example, that the wedge is approxima-
tely 20 percentage points higher for homes
with wall insulation expenditures between
$1,501 and $1,800.

Heterogeneity in workmanship is also
an important factor in explaining the wed-
ge. Results suggest that the wedge could
be reduced by up to 43% if all workers
performed at top levels. This implies that
there exist potential gains from reforms to
improve workmanship, changing warker in-
centives, training, etc. On the other hand,
only a modest portion of the wedge may be
explained by behavioral factors such as the
rebound effect. Using data on the realized
relationship between outdoor air tempera-
ture and energy consumption, the authors
estimate that a standard rebound effect can
account for up to 6% of the wedge.

The final section of the paper analyzes
the cost-effectiveness of the program. The
authors compare the energy-related bene-
fits of the program versus the retrofit costs.
They find that, on average, each home ser-
ved by the program is associated with pri-
vate net benefits of $234, and social net

Figure 1 - Increased Performance Wedge by Spending on Wall Insulation
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A natural follow-
up question

is whether it

is possible to
identify the
high-return
projects before
they are actually
implemented

benefits of -$324. Although
average net benefits are
close to zero, disaggrega-
ted estimates reveal signi-
ficant heterogeneity, such
that approximately 42% of
homes generate positive
energy-related net benefits,
as shown in Figure 2. There-
fore, certain types of pro-
jects are highly cost-effec-

Figure 2 - Net Present Benefits for Each Home in the Sample
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tive, suggesting a potential

role for targeting in this
context. That is the subject of a follow-up
paper from the same team of coauthors.

Potential gains from targeting
Within this context of substantial hetero-
geneity in net benefits, a natural follow-up
guestion is whether it is possible to identify
the high-return projects before they are ac-
tually implemented. The authors carry out
another analysis with data from the Illinois
Home Weatherization Assistance Program,
but now using information available only

before program implementation. The idea is
to mimic the role of a program implementer
who is trying to predict the magnitude of
net benefits prior to performing the retrofits.
To maximize the total predicted net benefits
from the program, the implementer would
then choose to treat only those homes (or
even individual measures within homes)
that have positive expected returns. This
cansists of an ex-ante prediction/targeting
exercise, which differs substantially from an
ex-post evaluation performed with informa-
tion available many months after the renc-
vations.

As a first step, the authors show that,
within this ex-ante framework and data-rich
setting, it is possible to accurately predict
household energy usage with machine
learning techniques. On average, the pre-
dictions are statistically indistinguishable
from true energy consumption, both pre- and
post-retrofit. With those tools it is therefore
also possible to obtain accurate predictions
of the ex-ante savings. ML predictions are
compared against projections from an ex-an-

i I i i i i R
=15 & ; 3 Benefi-costratio=136 i i &
o T ' £ ! ]
T | <_Bénefitdostratio=045 ! 8 : ¢ Benfitcost ratio = 1.55
_— . . . . . .
OQw- + 1 ' = : ' i |
= o o & & @ i i i
o o O - - :
; © - S EI _'81 =l " ' [
P i ' o i) ' ]
2415 H & 5 : !
"ﬂ_} E: d = ' i
C oy A g‘ g.' g“ g '
o B o= ;
@ @ & O =
e e . Fle i e g . e .4 e - 1 1 I
S b : s B
Do 4 8 188
o i 1E E iENE
Qs i : LE g 198
— U L [} o o L} .
[} A i 5 SRR
Zo{WIE ; ; i~ = RO
o Y - 2 5 8.8
1 L] 1 1 ] 1 (=] ] 1 1
<. [ i i ; ; i I ol
-<h i R ; ; = b
s | hoE i i ; I
24 & 0 i i i ——
: i & i i i R
-2 S S i ' ' e
L] i 'l QT Qi QI i ﬁl i 1 Il
L)
Q- o¥ g (;_&’ o 099

Home Percentile Rank: best homes —
Note: 95% confidence intervals based on bootstrapped standard errors.



te engineering model that currently guides
funding allocation decisions within the pro-
gram. Results show that the ML strategy
significantly outperforms the engineering
model and could have a drastic impact on
program cost-effectiveness. In the IHWAP
sample, targeting high-return interventions
based on the ML predictions can dramati-
cally increase net social benefits, from ne-
gative to $1.23 per dollar invested.

Thanks to recent advances in informa-
tion and data technologies, retrofit pro-
grams can readily incorporate ML-based
strategies to help select among candidate
projects. Energy efficiency programs are of-
ten sponsored by utilities that have recently
developed the data infrastructure to store,
guery, and serve household billing data. It
would be straightforward to integrate pre-
dictions from ML models to those infras-
tructures. Although ML may be computatio-
nally demanding, these models would only
need to be occasionally updated. Once the
results are obtained, they can be fed into
the back end of the softwares that help with
funding allocation decisions.

The importance of considering and im-
plementing these types of tools continues
to grow as energy efficiency remains central
to climate policy discussions. Worldwide

energy efficiency investments are expec-
ted to continually increase,

Optimal allo-
cation of these funds may
be crucial in order to achie-
ve ambitious climate goals.
Future work within this con-
text has yet to explore, for
example, the distributional
implications of targeting in-
vestments based solely on
energy or climate-related
benefits. Analyses of health
and potential job creation
impacts of these programs
also seem mostly missing
in the economic literature
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