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The electricity system of the past involved forecasting demand 
and dispatching supply; the grid of the future will increasingly 
involve forecasting supply and dispatching demand.

- Jeff Nagle, Pacific NW National Lab



How to unlock flexible demand?

• Benefits of time-varying pricing are well-known (Boiteux, 1960; Borenstein and Holland, 2005)

• Some evidence households respond to time-varying rates (Faruqui et al., 2014; Harding and 
Sexton, 2017)

• But there are barriers to responsiveness:

• Adjustment costs and information acquisition (Fabra et al, 2021)

• Inattention and behavioural biases (Sallee, 2014; Schneider and Sunstein, 2017)

• Evidence that households have a difficult time understanding marginal prices and complexity 
(Ito, 2014; Shaffer, 2020; Jacobsen and Steward, 2022)

• Technology should help! But it might not... (Brandon et al, 2022)

• Evidence automation can assist in demand response when combined with pricing (Blonz et 
al., 2025; Bollinger and Hartman, 2020)
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Our Paper…

• How much of the barrier to demand response is effort, and can technology overcome it?

• Randomized control trial (framed field experiment)

• Within-subject design

• Individually randomize “peak events”

• Estimate household-specific treatment effects

• Various programs to better understand the barrier of effort and benefit of technology:

1. Behavioural with manual response (active)

2. Behavioural with load control tech (active)

3. Automated with centralized load control (passive)

3



Two stages of consumer response

1. Should I respond to this event?
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2. Conditional on responding, 
by how much should I respond?



The Experiment…
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• Partnered with a large Canadian 
electric utility

• Recruited ~1700 households from 
utility’s App

• Step 1: Randomize assignment to 
demand response programs

• Step 2: Randomize peak events to 
individual participants
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What we do



Step 1: Assign to DR Programs

• Randomize offers to eligible HHs into several programs:
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DR Initiator Load Control Tech Price Incentive Usage Info

Central Utility

Tech HH

Manual HH

Info HH

Control HH

• Central vs Tech: Effect of passive vs active response

• Tech vs Manual: Effect of enabling technology



Step 1: Program Acceptance

Central Tech Manual Info Control
Invited 423 382 409 259 188
Accepted 177 184 242 177 188

(42%) (48%) (59%) (68%) (100%)
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• Central and Tech take-up rates roughly similar

• Manual take-up rate is higher



• Individually randomize notification of “peak events”

• Every participant gets a different schedule

• Times: Morning (7-10am), Evening (5-8pm)

• Incentives:

• Measured as reductions vs personalized baselines

• “Regular”: (10%, 30%, 50%)  ($1, $2, $3)

• “High”: (10%, 30%, 50%)  ($1, $3, $6)

• Frequency:  ~3 events per month over 17 months

• Notifications: via App (21 and 2 hours prior to event)
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Step 2: Randomize peak events



User Experience: Peak Event Messaging
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Central group 21hr notification Tech/Manual group 21hr notification



Data

• Household-level hourly meter consumption data

• September 2021 – June 2023
• Over 15 million observations

• Time-stamped App interaction data

• Survey data on household demographics

• Hourly weather data (temp, humidity)
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Descriptive Analysis
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Manual group: Non-event vs Event days
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• Minimal difference between Event and Non-Event



Tech group: Non-event vs Event days
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• Minimal difference between Event and Non-Event



Central group: Non-event vs Event days
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• Large difference between Event and Non-Event; evidence of snapback



Regression Analysis
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Program-level estimation

• Compare event times to non-event, controlling for household and time 
fixed effects, weather variables, and heterogeneity by program
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ln 𝑐𝑖𝑡 = ෍

𝑗∈{𝐶,𝑇,𝑀}

𝛽𝑗𝐸𝑖𝑡𝑃𝑟𝑜𝑔𝑟𝑎𝑚𝑗𝑖 + 𝛼𝑖 + 𝜏𝑡 + 𝛿𝑿𝒊𝒕 + 𝜖𝑖𝑡

• 𝑐𝑖𝑡: hourly household consumption (in kWh)
• 𝐸𝑖𝑡: event indicator variable
• 𝑃𝑟𝑜𝑔𝑟𝑎𝑚𝑗𝑖: program indicator variables

• Various control groups for robustness:
• Within-program non-event
• Other-program non-event
• Pure control groups

• 𝑿𝒊𝒕: hourly weather variables (CDD, HDD, humidity, incl. non-linear terms)
• 𝛼𝑖  and 𝜏𝑡: Fixed effects for households and hour-of-sample
• Cluster SEs at HH level



Results: Consumption changes by program
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• Modest reductions in manual group

• Tech no better than manual
• Central performs 5x better



Results: Consumption changes by event type
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• More money doesn’t increase responsiveness
• Consistent with (Prest, 2020)



Results: Consumption changes by device composition
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• Central performs across the board

• Biggest difference is hot water heaters

• EV households show some responsiveness in Tech
• More devices = more response



Household-level estimation

• Time-series regression, leverages within-subject variation only

• Compare event times to non-event within a household controlling for time 
fixed effects and weather:
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ln 𝑐𝑖𝑡 = 𝛾𝑖 + 𝛽𝑖𝐸𝑖𝑡 + 𝑇𝑡 + 𝛿𝑖𝑿𝑖𝑡 + 𝜂𝑖𝑡

• መ𝛽𝑖: household-specific treatment effects

• Estimate the full distribution of peak event responses



Results: Household-level estimates
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• Tech and Manual:
• Modal response near 0
• Mean response 4.6% and 4%
• Some large outliers (big 

responders)
• 20% of HH estimates significant

• Central:
• Mean response 24%
• 80% of HH estimates significant



Mechanisms: Attention and Effort
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Mechanisms: Attention and Effort

• What is driving differences both within programs and across 
programs?

• Question: Within a household, do we see a differential response by 
whether or not they interact with the App?
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Results: App Interaction by Program
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• When households interact with App → larger response

• Central group has considerable “head start” regardless of App Interaction



Decomposing Responsiveness
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Decomposing responsiveness
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𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐷𝑒𝑚𝑎𝑛𝑑 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 =

𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔 ∗ (𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 𝑜𝑓 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 | 𝑅𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔)



Step 1: Identifying responders

• Approach: Use HH-level estimates to find HHs with estimated 
treatment effects that are negative (i.e. reductions) with p-value < 0.01
• i.e. these are “always responding”
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Program Count 
“responders”

Participants 
in program

Proportion of 
“responders”

Manual 36 242 15%

Tech 32 184 17%

Central 136 177 77%



Step 2: Find the conditional effect

• Use the HH-level estimates and calculate the mean treatment 
effect of those flagged as responders, by group
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Program Count 
“responders”

Participants 
in program

Proportion of 
“responders”

Mean 
treatment 
effect ( መ𝛽)

Overall % 
reduction in 

demand

Manual 36 242 15% -0.26 -3.8%

Tech 32 184 17% -0.31 -5.2%

Central 136 177 77% -0.38 -25.5%

• Central group not only increases the likelihood of responding, it 
also increases the conditional magnitude of response!



Conclusion
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Summing up

• We find:
1. Take-up rates similar between Central and Tech (both lower than manual)
2. Central group dominates in responsiveness (5x greater)
3. Tech group no better than Manual
4. Water heaters are largest beneficiary of automation
5. Some evidence of EV responsiveness without central control
6. App interactions are correlated with responsiveness

• Key takeaways:
1. Central boosts likelihood of responding (confirms Attention and Effort are key barriers)
2. Conditional on responding, Central group also performs better! (larger magnitude)

• Next question: Willingness to hand over control???
31

→ We ran a large field experiment to explore the role of effort and technology in demand 
response
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Thank you!
blake.shaffer@ucalgary.ca

www.blakeshaffer.ca

mailto:blake.shaffer@ucalgary.ca


Appendix slides
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Balance table
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App Interaction and Performance

Program Performance 
Quartile

Household 
Count

General 
Interact

Central 1 112 (63%) 0.32

2 42 (24%) 0.20

3 16 (9%) 0.20

4 7 (4%) 0.15

Tech 1 20 (11%) 0.54

2 45 (25%) 0.30

3 52 (28%) 0.23

4 67 (36%) 0.13

Manual 1 19 (8%) 0.60

2 64 (26%) 0.18

3 83 (34%) 0.15

4 76 (31%) 0.14
35

• Far more “top performers” 
in the Central group

• Top performers in Tech 
and Manual groups need to 
interact far more



Device data: Hot Water Heaters
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Tech Central



Device data: Level 2 EV Chargers
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Tech Central



Device data: Baseboard Heaters
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Tech Central



Spillover estimates
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Intent-to-treat estimates

40



Robustness to control group
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No carry over
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For each demand response program, we run separate regressions:

ln 𝑐𝑖𝑡 = 𝛽𝐷𝑖𝐸𝑣𝑒𝑛𝑡𝑊𝑖𝑛𝑑𝑜𝑤𝑖𝑡 + 𝛼𝑖 + 𝜏𝑡 + 𝛿𝑋𝑖𝑡 + 𝜖𝑖𝑡

• Excludes event days
• Includes never-treated HHs
• EventWindowit equals 1 in the post-treatment period for hours where morning or 

evening events occur, 0 otherwise
• Di equals 1 if the household is in a demand-response group (i.e., C, T, or M), 0 

otherwise



User Experience: In-App Message & Central Opt-out
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In-App notification Central Opt-out



User Experience: Tech Opt-in
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