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Electricity Costs of Climate Change

Research Questions

e What will adaptation to climate change through
changes in electricity usage cost?

e How would generation costs have been different if US
were warmer in the recent past?

e Upper bound of adjustment costs through this
channel.
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Electricity Costs of Climate Change

Motivation

e Cooling is a principle channel of adaptation
e Barreca, Clay, Deschenes, Greenstone, and Shapiro
(2016)
e Climate change is anticipated to increase electricity
demand
e Deschénes & Greenstone (2011), Auffhammer &
Mansur (2014), Davis & Gertler (2015), Aufhammer,
Baylis, Hausman (2017)
e High demand periods have high marginal costs
e Davis and Boomhower (2017)
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Electricity Costs of Climate Change

This Paper
e Demand Side:

o Estimate temperature-load relationships in US PCAs
e Estimate climate-load response across PCAs
e Hsiang (2016): “time-series variation with
stratification”
e Predict demand under counterfactual climates
e Aufhammer (2018) for residential CA
Carleton et al. (2018) for global mortality
Rivers & Shaffer (2019) for Canadian electricity
Heutel, Miller and Molitor (2018) for US mortality
e Supply Side:
¢ Estimate temperature-capacity and temperature-heat
rate relationships
e Estimate dispatch rules for each PCA
e Put it all together:
e Predict production costs using predicted demand and
estimated dispatch
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Electricity Costs of Climate Change

Temperature-Load Relationship:

e Hourly load 1999-2012 for 98 constant footprint PCAs
e Matched to counties
e PRISM daily weather scaled with NOAA hourly

e BLS economic data

e Downscaled CMIP5 RCP 4.5 and 8.5 scenarios
2070-2099.

e High frequency data for convexity
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Electricity Costs of Climate Change

Estimated Relationship between Log(Load) and
Temperature by PCA
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Electricity Costs of Climate Change

Temperature-Load Coefficients Across Climates:
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Electricity Costs of Climate Change

Temperature-Load Coefficients Across Climates:
90+

dLog( Load ) /0°F
.02
1

70 80
Mean PCA Temperature

Steve Cicala

19 September 2019



Electricity Costs of Climate Change

Temperature-Load Coefficients Across Climates:
90+ with RCP 4.5
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Electricity Costs of Climate Change

Temperature-Load Coefficients Across Climates:
90+ with RCP 8.5
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Temperature-Load Coefficients
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Temperature-Load Coefficients
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Electricity Costs of Climate Change

Temperature-Load Coefficients: RCP 4.5
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Electricity Costs of Climate Change

Temperature-Load Coefficients: RCP 8.5
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Electricity Costs of Climate Change

Estimated Relationship between Log(Load) and
Temperature by PCA: Unadjusted
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Electricity Costs of Climate Change

Estimated Relationship between Log(Load) and
Temperature by PCA: RCP 4.5-Adjusted
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Electricity Costs of Climate Change

Estimated Relationship between Log(Load) and
Temperature by PCA: RCP 8.5-Adjusted
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Electricity Costs of Climate Change

Temperature and Power Plant Productivity:
Nuclear Capacity
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Smart meters, electricity losses, and reliability:
Evidence from an experiment in Kyrgyzstan
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Poor quality electricity service and non-technical losses

(including theft) are costly challenges in many countries.

m Non-technical losses (NTL) mean less money recovered by the
electricity utility
m Losses due to theft: estimated $25 billion per year globally
(Depuru et al., 2010)
® Results in lower investment in maintenance, upkeep, and
replacing or updating of infrastructure components



Poor quality electricity service and non-technical losses

(including theft) are costly challenges in many countries.

m Non-technical losses (NTL) mean less money recovered by the
electricity utility
m Losses due to theft: estimated $25 billion per year globally
(Depuru et al., 2010)
® Results in lower investment in maintenance, upkeep, and
replacing or updating of infrastructure components

m Electricity service reliability is major concern in achieving
economic benefits from grid (Pargal and Banerjee, 2014)
m Unreliable electricity service impacts households (Chakravorty,

Pelli, and Marchand, 2014) and firms (Allcott, Collard-Wexler,
and OConnell, 2015)



Poor infrastructure quality can be persistent, contributing

to an infrastructure quality trap (McRae, 2015).

Cost
Recovery

-\Low cost recovery

(1) Low bill payment

-

Poor setvice quality

(2) High theft

(1) Many outages
(2) Frequent voltage
fluctuations

Service

Quality




With these challenges in mind, utilities have been installing

smart meters

m Installed by utilities in both developed and developing
countries for a variety of purposes, including improving grid
reliability and reducing theft

m For example, the Canadian electricity utility, BCHydro,
documents the installation of smart meter to deter theft on its
website (www.bchydro.com)

m How could smart meters impact these outcomes?



Model A: Smart meters may improve cost recovery by

reducing theft, non-payment if utilities monitor

m Transmits consumption data
directly to utility — removes
meter readers

Cost Recovery m Measures electricity

consumption every 15
minutes — identify losses
Higercostecovery - Disconnects non-paying
. | 40 Higher bill payment
Service Quality (2) Lower theft househOIdS remotely —
reduces cost of enforcing

payment




Model B: Smart meters may improve service quality if

consumers monitor

m Detects and measure
electricity outages —
improving monitoring

Cost Recovery

Better service quality

(1) Fewer outages m Disconnects households
(2) Less voltage fluctuations .
when voltage spikes/drops

— (1) protecting appliances
Service Quality from damage (2) increase

utility accountability




Can smart meters increase accountability to reduce theft or

improve electricity service quality?

Through a randomized experiment in Kyrgyzstan, we test:
m Do smart meters impact billed electricity consumption?
m If so, why? Because of reduced theft or improved service
quality?
m And what is the value of the improvement(s)?



Existing metering research

m Smart meters, research primarily in developed countries, used
as vehicle for other interventions
m e.g. time-varying prices or providing real-time electricity
consumption information (e.g.: Wolak, 2011; Allcott, 2011;
Jessoe & Rapson, 2014; Ito, Ida & Tanaka, 2015)
m Electricity metering interventions in developing countries have
not focused on smart meters
m McRae (2015) documents the impacts of moving from a fixed
monthly fee to metered consumption on household welfare and
utility revenue in Colombia
m Jack and Smith (2019) measure impacts of introducing prepaid
metering in South Africa



Background: Kyrgyzstan is a lower-middle income country

in Central Asia

Nearly 100% of population has access to electricity
Reported distribution losses 15-18% (World Bank, 2017)

In 2009-2012, distribution companies reported 2 outages/hour

System has regular voltage and frequency fluctuations (World
Bank, 2017) and per a 2013 survey:

m > 50% survey respondents reported problems with voltage
(including low voltage and voltage fluctuations)

m 18.9% of respondents reported damage to electrical appliances
because of poor electricity quality



Partner with electricity utility operating in the Kyrgyz

Republic and implement RCT in a small city

m Both electricity losses and quality of services are concerns for
utility

m Focus on residential consumers, which include apartments and
single-family homes

m Pre-intervention, house meters exist but are old and require
human meter-reader




Intervention designed around distribution system

Busiogyactrical b =

System

Source: DTE Energy.



Once transformers are selected for the project they are

randomly assigned to treatment status

Project
transformers
selected
v
Transformers:
smart meters
installed @ 20
I
v v
Treatment transformers: Control transformers:
HHs receive SMs HHs keep old meters
[10 TGs] [10 TGs]
[798 HHs] [861 HHs]




Transformer-level meters installed mid-2018

m Collect data in 15-minute increments
m Provide aggregate data on neighborhood consumption and
alarms indicating problems




Household-level smart meters installed by September 2018

m Collect data in 15-minute increments
m Send data to aggregator at transformer and then uploaded to
utility server




Event study analysis indicates an increase in winter billed

electricity consumption in treated households

Difference in Electricity Billing By Month
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Billed electricity consumption increased by 44 kWh /month

in winter and decreased by 32 kWh/month in summer

(1) (2)

bill (kWh) bill (kWh)
Treat x Post 44.245% -32.409**

(22.566) (14.977)
Post -175.032%** -423.841***

(34.100) (30.444)
Constant 025.316*** 660.652***

(16.427) (17.389)
Mean of Control Group 858.722 436.489
Observations 13,769 17,941
Number of Household 1,088 1,088

Season Heating Season Non-Heating Season




Evidence on the channels through which this occurs?

m Using the transformer-level alarms data
m No evidence this occurred through reductions in theft
m Is evidence that this occurred through improved electricity
services: significantly fewer voltage fluctuations and power
outages
m We can estimate the benefits of these electricity quality
improvements: 6.50 USD per month during months of peak
consumption
m Treatment households report spending more (14 USD in 3
months) on home appliances



Preliminary interpretation of findings

m There is no impact on electricity theft
m would require the utility to monitor the smart meter data for
indications of theft
m utility does not appear to be monitoring
m But households with smart meters appear to be using as a
tool to monitor the utility



Using Machine Learning to Target and Extrapolate
A Case Study of Household Energy Use

Christopher Knittel and Samuel Stolper
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Machine learning to improve program evaluation

Understanding treatment effect heterogeneity facilitates improvements to
program effectiveness

» Can selectively target those who respond “best”

» Can tailor treatment where it is not having the desired effect

Our aim: apply ML methods to the evaluation of a series of large-scale randomized
experiments in household energy use

» The algorithm: “causal forests” (Athey, Tibshirani, and Wager 2018)
» A tree-based ensemble method developed for treatment effect estimation

» The treatment: the “Home Energy Report” (HER)
» A widely used nudge towards household energy efficiency (e.g., Allcott 2011)



The Home Energy Report

EvERseuRct enepzeCT

ot e s0ss

» The aim:
» Nudge consumers to reduce
o - usage

All Neighbors

@ You used 22% more than your neighbors.

784 kWh

You

55 » Increase customer satisfaction

Feb 28, 2017 - Mar 27, 2017

This comparison is based on approx. 100 nearby homes that are most similar to
yours.

Leam more

Do you have a plan for saving > The format

energy?
» Social comparison of usage

Let us help you create one! Get started now with our free

Energy Savings Plan tool, and take control of your energy
use
)
« Analyze your energy use.

« Find and prioritize energy solutions tailored to your

» Ways to save

« See how much you can save from energy
improvements.
« Checkitems off your list as you complete them

CREATE YOUR ENERGY SAVINGS PLAN
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Geography and data

» 15 experimental waves of HER
rollout

» 900k households enrolled in an
i experiment

» Monthly usage (kWh) from
2013-2018

» 50m household-months

» Household characteristics from
Experian

uuuuu
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Event study of pooled experimental waves (kWh)
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A sample tree

-0.00635
e+3 18.1%

income_mp >= 250e+3

-0.0114 0.00257
n=7250 7.5% n=10.3e+3 10.6%

%
pre_mean >= 869 home_value < 110e+3 [pre_mean >= 1350
-0.0113 -0.0349 0.0171 -0.017 -0.0241
N=47.9¢+3 49.3% n=2701 2.8% n=3608 3.7% n=25.3e+3 26.1% =2684 2.8%

[home_sq_foot <215 ] pre_mean >= 1163

-0.0117 -0.0112
n=26e+3 26.8% n=21.9e+3 22.5%

[pre_mean >= 1700 | income_mp < 100e+3 pre_mean < 1097

-0.0206 -0.0102 -0.00915 -0.0382 -0.0327 -0.0138
986 3.1% n=18.9e+3 19.4% n=9989 10.3% n=2602 2.7% n=10.4e+3 10.7% n=2312 2.4%

has_child = 1,NA

008
n=7319 7.5%




Causal forest household-level predictions

0.06 -

» Each plotted distribution is a
specific post-year

» At least two major “modes”
» Those who respond in Year 1;
those who don't
» Modes diverge over time

» Some increases in usage

10 -30 20 -10 0 10
Predicted Household Treatment Effect
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The possibility of boomerang effects

» “Residual” indicates
consumption relative to an
average household with
similar characteristics

-201 » This may be correlated

with social comparison

-30 .
messaging

Conditional average treatment effect
(Kwh)

-40
:
-4000

T T T
0 2000
Pre-treatment residual

Observed values Local polynomial smooth
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In summary

What we find:

1. The overall ATE is a -0.9% reduction in monthly consumption
» Magnitude rises over time

2. The distribution of individual treatment effects ranges from -3% to +3.5%
» Multiple “modes” are apparent

3. Pre-treatment consumption and home value are the strongest predictors

4. HERs may have a “boomerang effect”

5. The causal forest performs reasonably well out-of-sample
» But performs less well when the “training set” and “test set” have little overlap



The Efficiency and Distributional Implications
of Non-Price Rationing of Electricity in India

Kevin Rowe
krowe@g.harvard.edu

HEEP Conference
September 19, 2019
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Targeted commodity subsidies and non-price
rationing

Negative commodity taxes a main mechanism for
redistribution in many countries (Gadenne, 2018)

Non-price rationing often accompanies regulated prices

» Regulator sets prices — distribution company sets
quantities

If the distribution company’s revenue depends on the
progressive price schedule, it may have an incentive to ration
more subsidized markets more severely



Load Shedding Outages (bars) and Prices (ranges) by
Customer Type, Maharashtra 2017
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Research Question and Approach

What are the short-run welfare implications of targeted
subsidies in retail electricity markets when they are
accompanied by systematic non-price rationing?

1. Estimate demand for electricity across hours in the day by
customer types (e.g., agriculture, residential, commercial
and industrial) — characterize the welfare loss from
outages

2. Estimate parameters of the state-owned electricity
distribution company’s objective function in rationing —
surplus maximization vs. net revenue maximization

3. In counterfactuals, ask: whom would be better off under
higher prices and higher reliability?



Outages on Marginal Cost of Wholesale Electricity

How responsive are the utility’s load shedding decisions to
its cost of wholesale electricity?

Similar to demand estimation: address simultaneity in
determination of outages and costs with supply-shifting IV -
wind generation

First stage:

MCyp = aWindgp + BXgp * Yd * Yh * €d.h

Second Stage:

Outyp = OMCyp + 0Xgp *+ Va + Th * W



MSEDCL's Supply Curve
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Outages on Marginal Cost of Wholesale Electricity

Levels Elasticity
First Stage v First Stage v
MC Outages log MC log Outages
(1) () (3) (4)
Wind Generation (GW) ~0.212%** -0.0632***
(0.0147) (0.00313)
Marginal Cost (INR/kWh) 110.2%**
(15.54)
log Marginal Cost (INR/kWh) 0.440***
(0137)
Load Served (GW) 0.218%**  -5O.47***  0.0668***  -0104***
(0.00460)  (3.637) (0.000978)  (0.00978)
Mumbai Demand (GW) 0.0804***  98.98***  0.0111** 0.323%**
(0.0218) (4.994) (0.00461) (0.0129)
YMD FEs v v v v
Hour FEs v v v v
Mean of Outcome 3.203 372.5 1141 5.637
Observations 16144 16144 16144 16138
First Stage F 207.7 408.2
R? 0.759 0.829 0.839 0.951

Additional controls: Transmission congestion index, solar generation; * p < 1, ** p < .05, *** p <.01



Outages on Marginal Cost of Wholesale Electricity:
Interpreting the Magnitudes

Effect on load shedding of a 1 SD increase in the cost of
wholesale electricity:

+ about 86 additional feeders out
+ about 81,000 additional connections out

+ about 258,000 additional people (with residential or
agricultural connections) out



Electricity Consumption Responses to Outages
How much consumption is lost for each hour of outage?

logLoady m = 00Uty m + G(Wgp) + m + V4 + €g.m

» Benchmark: one hour is .0417 of a day

» Effects conflate the timing of outages (peak vs. off-peak)
with the degree of substitutability

All All Agriculture Rural Rural Urban C&lI
Mixed Resi

() @) (€} () (5) (6) @

Hours Out 0.0195"** -0.0217"** -0.0168"** -0.0475"** -0.0440™** -0.0493"** -0.0811"**
(0.00283) (0.00162)  (0.00165)  (0.00339) (0.00300)  (0.00355)  (0.00465)

YMD FEs v v v v v v v
Feeder FEs v v v v v v v
HD Controls v v v v v v
Mean of log MW 2149 2141 2.049 1.973 1.789 2.724 2.020
Mean Hours Out  0.593 0.610 1474 0.229 0191 0104 0.0764
Observations 587,501 528,851 236,800 36,926 76,873 111,252 65,191
Feeders 1762 1786 812 119 240 358 249
R? 0.831
Adjusted R? 0.830

EE=3

Fp < p <05, p <.01



Substitution Patterns: Agriculture (Left) and C&l
(Right)
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Summary of Preliminary Evidence

1. The distribution company’s load shedding is highly
responsive to regulated price incentives:

» 1SD increase in the cost of wholesale electricity — about
258,000 additional people facing outages

2. Strong relationship between the severity of rationing and
the substitutability of demand in response to outages

» Agriculture able to mitigate much of the effect of an
outage through substitution, commercial and industrial
consumers cannot

» Consistent with efficient rationing
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RGGI: An intro

v

v

v

v

Cap-and-trade program
» CO; emissions from fossil power plants
2009: first compliance period started

RGGI price has been 6-19% of coal &
2-8% of natural gas

Induced innovation => increased efficiency

Regional Greenhouse
Gas Initiative

f

[ current RGGi states

In Process of Joining
the RGGI Market



A regional divergence in heat rates of coal plants

20-

Heat Rate (mmBtu/Mwh)

o

o

2001

2002

2003

2004

2005

2008

2000 2010
Year

2011

2012

2013

2014

Region
Il Non-RGGI
B Rrcal
2015 2016



Plant-level trends, RGGI survivors in 2016
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Key phenomenon and questions

RGGI coal plants display

» 0.05% increase in net heat rates, post- vs. pre-RGGI.
(diff-in-diff with plant and time fixed effects)

» 0.016% increase in net heat rates for every $1 increase in
RGGI allowances (panel model with plant and time fixed
effects)

Key questions
> Role of generation changes? (likely RGGI channel)

» Role of unannounced retirement, scrubber installation, etc.



Double-decomposition

Gross heat rate vs. auxiliary power consumption changes

9

Boiler

(turnace) Turbine

Steam Transmission

Lines

Coal
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Plant-level decomposition, RGGI plants
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Thank you!

Comments: meganbailey©fas.harvard.edu
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