Do low-income electricity subsidies change peak consumption behavior?
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Question: How do low-income subsidies affect
hourly household electricity consumption?
Why electrical load shape matters

• Electricity must enter the grid at the moment it is consumed
• Consumption at peak times places additional stress on the system
• Electric power system infrastructure lasts for decades
• Decisions made now affect reliability, emissions, and costs for decades

Understanding determinants of load shape

• Mass adoption of smart metering infrastructure by electric utilities
allows real-world evaluation of the effects of interventions on load
shape, the distribution of electricity demand throughout the day
• Growing literature on econometric evaluation of demand-side programs,
including time-of-use pricing [1], and air conditioner rebates [2]
• Many utility programs are not aimed at influencing load shape, but
likely have load shape effects
• There has been little to no evaluation of such effects

Load shape effects of low-income subsidies?

• California Alternative Rates for Energy (CARE) directly subsidizes
electricity and natural gas prices for households within 200% of the
federal poverty line
• CARE aims to improve access to energy services
• 5.3M eligible households in California, 1.6M served by Pacific Gas
& Electric (PG&E). State mandates 90% uptake [3]
• Average household electricity bill savings of $29/mo (33%) in
California, $40/mo (42%) in PG&E service territory [3]
• $4bn approved for 2012-2014, funded by customer charge [3]
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Fixed-effects model

• ~30,000 households from
Pacific Gas & Electric (PG&E)
• 15-min interval electricity
consumption
• Stratified random sample from
three climate regions
• Unbalanced panel, 2008-2011

ln(kWhi,t,h) = α + βj(Tempi,t)j + γ(CAREi,t) + δk(Timet)k
+ ξ(TimeTrendt) + πq(Programi,t)q + ui + εi,t
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Demographics

Effect of subsidy on electricity consumption

• Central Valley: Lower-income, hotter climate
• Inland Hills: Higher-income, warm climate
• Coast: Middle-income, mild climate
Central Valley

Inland Hills

Coast

Full Sample

Median home value

281,500

586,400

597,200

479,100

Median income

51,759

78,542

63,373

65,625

% Renters

34

32

51

38

% w/ Bachelor’s

17

38

40

32

% Air conditioning

~95%

~60%

~15%

~50%

Number households

8,597

11,391

10,217

30,426

[4]

These values, with the exception of air conditioning, are from our sample of Census Block
neighborhood medians. Median home value and income are top-coded at $1M and $250k, respectively.
Note: Table reproduced from [5]

Low-income subsidy participation
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CARE participation as a fraction (with 95% confidence interval)
of the sample, by region and neighborhood median income.
• Substantial participation across regions, neighborhood
income levels (Low is <$52k, High is >$82k, Mid is between)
• Steady growth over time
• Highest participation in Central Valley, above 50% in poorest
Figure reproduced from [6]
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Household electricity consumption
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• ln(kWhi,t,h) is the natural log of household electricity consumption for household i, in day t, in hour h
• (Tempi,t)j is hourly linear and quadratic temperature controls
• CAREi,t indicates whether household i is enrolled in CARE on day t
• (Timet)k includes indicator variables for the day of the week and month of the year
• TimeTrendt is a time trend that captures any longer-term secular trend not included in day-ofweek or month-of-year indicator variables
• (Programi,t)q indicates whether household i is enrolled in program q on day t
• ui controls for time-invariant household-level effects
• εi,t is an error term, assumed to be normally distributed with mean zero, and α is a constant

Deciles of daily electicity consumption in the three regions. Note that the Central
Valley has a strong summer peak, largely due to air conditioning, while the Inland
Hills and Coast have more subtle winter peaks.
Figure reproduced from [6]

Consumption increase due to CARE [%]

Understanding determinants of electricity demand throughout the day,
particularly during peak hours, is critical for short-term and long-term
management of the electric power system. Although millions of US
households receive low-income electricity subsidies, the system-level
electricity demand effects of these programs are poorly understood.
We use a rich panel of residential electricity consumption data from
California to estimate the energy and load shape effects of a low-income
electricity subsidy. We find that participation in this program is associated
with an average increase in electricity consumption of about 10%, with
the largest increase after peak hours.

Smart meter data
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The CARE coefficient from the above hourly regression, converted to % change.
• CARE enrollment is associated with a 10% increase in electricity consumption
• This is the intended effect of the program
• Implicit price elasticity of demand is roughly 0.25, close to literature average [7]
• Increase is roughly flat throughout the day for the full sample
• Highest increase after peak hours, which occur in afternoon in summer
• Little variation throughout the day in the Central Valley
• Effects in the Coast and Inland Hills are larger in the morning and evening
• The difference between any pair of hours is not significant
• Large increase in Inland Hills may be due to adoption of air conditioning

Limitations

• Omitted variables, particularly income, household size, employment status, air conditioning
• Selection on omitted variables: CARE eligibility is based on income and household size
• Omission of household size likely biases estimates strongly upward
• Omission of income and employment status likely biases weakly downward

Holistic planning for deep decarbonization

• Deep decarbonization of the electric sector will be expensive
• Doing this equitably will likely require some form of lowincome subsidy
• Were price subsidies expanded, utilities should expect a
corresponding modest increase in electricity consumption
• % increase fairly uniform throughout the day, but may be slightly
higher off-peak, in the evening and to a lesser extent morning
• Effect may be highest where air conditioning is on the margin
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