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ELECTRICITY CONSERVATION
THEORY AND PRACTICE

▪ Energy conservation is essential for environment protection

▪ What works better on changing people’s behaviour?

▪ Higher pricing in peak hours?

▪ Rebate?

▪ Non-monetary? (feedback)

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020). Heterogeneous Treatment Effects of Nudge and Rebate: Causal 
Machine Learning in a Field Experiment on Electricity Conservation (No. e-20-003).
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EXPERIMENTAL DESIGN
FIELD EXPERIMENT

▪ From November 2019 to February 2020 field experiment in Japan

▪ Sample of 954 households

▪ Random assignment:

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020). Heterogeneous Treatment Effects of Nudge and Rebate: Causal 
Machine Learning in a Field Experiment on Electricity Conservation (No. e-20-003).
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EXPERIMENTAL DESIGN
FIELD EXPERIMENT DESIGN

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020). Heterogeneous Treatment Effects of Nudge and Rebate: Causal 
Machine Learning in a Field Experiment on Electricity Conservation (No. e-20-003).
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EXPERIMENTAL DESIGN
BALANCE CHECK

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020). Heterogeneous Treatment Effects of Nudge and Rebate: Causal 
Machine Learning in a Field Experiment on Electricity Conservation (No. e-20-003).
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RESULTS
ATE ESTIMATION BY DIFFERENCE IN DIFFERENCE

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020). Heterogeneous Treatment Effects of Nudge and Rebate: Causal 
Machine Learning in a Field Experiment on Electricity Conservation (No. e-20-003).

Predicted by RF
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HETEROGENEITY IN TREATMENT EFFECTS
GENERALIZED RANDOM FORESTS

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020). Heterogeneous Treatment Effects of Nudge and Rebate: Causal 
Machine Learning in a Field Experiment on Electricity Conservation (No. e-20-003).

▪ Generalized Random Forests algorithm:
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HETEROGENEITY IN TREATMENT EFFECTS
GENERALIZED RANDOM FORESTS

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020)

▪ Results:
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HETEROGENEITY IN TREATMENT EFFECTS
GENERALIZED RANDOM FORESTS

Source: Murakami, K., Shimada, 
H., Ushifusa, Y., & Ida, T. (2020)

▪ Key Variables:
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HETEROGENEITY IN TREATMENT EFFECTS
GENERALIZED RANDOM FORESTS

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020)

▪ Testing heterogeneity in out of sample observations:
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HETEROGENEITY IN TREATMENT EFFECTS
GENERALIZED RANDOM FORESTS

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020)

▪ Testing heterogeneity in out of sample observations:
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POLICY OPTIMIZATION
BEING MORE EFFECTIVE WITH TREATMENT

Source: Estimation of Heterogeneous Treatment Effects prepared for “Machine Learning and Causal Inference” class

Susan Athey, Stefan Wager, Vitor Hadad, Sylvia Klosin, Nicolaj Muhelbach, Xinkun Nie, Matt Schaelling
May 07, 2020 -> https://gsbdbi.github.io/ml_tutorial/hte_tutorial/hte_tutorial.html

▪ Some formalities:

▪ Value of a policy

▪ Improvement of a policy

https://gsbdbi.github.io/ml_tutorial/hte_tutorial/hte_tutorial.html
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POLICY OPTIMIZATION
BEING MORE EFFECTIVE WITH TREATMENT

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020)
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POLICY OPTIMIZATION
BEING MORE EFFECTIVE WITH TREATMENT

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020)
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POLICY OPTIMIZATION
BEING MORE EFFECTIVE WITH TREATMENT

▪ Designing optimal policy as a function of observables
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SUMMARY
CAUSAL RANDOM FOREST APLICATION

Source: Murakami, K., Shimada, H., Ushifusa, Y., & Ida, T. (2020)

▪ Energy conservation is important but it is hard to achieve

▪ The authors compare Monetary vs. Non.monetary type of treatment

▪ Monetary treatment shows positive effect on all sample

▪ Non-monetary treatment shows effect on those previously “concious”

▪ Treatment could be optimized if both treatments are mixed between
people:

▪ Less costs of expensive treatment (rebate)

▪ More effects on less costly treatment (nudge)


