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Introduction

• Objective & Standard Approaches of Impact 

Evaluation 

• Experimental Research

• Steps of Matching

• Case Study of Nearest Neighbor Matching (BC 

Hydro’s Team Power Smart Behavioral Program)

• Resources

True Experimental Design

Quasi-Experimental Design with Matching



Impact Evaluation Objective & 

Standard Approaches

• Objective: estimate energy savings and co-benefits 

attributable to an energy conservation program

• Standard Approaches

 Sampling analysis based on measurement and verification (M&V)

savings collected from a sample of projects.

 Deemed savings measures based on historical and verified data. 

 Statistical analyses of large volumes of billing/metered energy usage 

and survey data (baseline comparison).

 One group pre-test/post-test.

 Two groups pre-test/post-test (treatment vs. control experimental 

research).



True Experimental Design
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Quasi-Experimental Design 

with Matching

NON-PARTICIPANTSPARTICIPANTS



Steps of Matching

• Selection of Respondents

• Control of Extraneous Variables

• Defining Distance Measurement

• Implementing a Matching Method

• Diagnose of Matching

• Impact Estimation



Case Study – Introduction of Team 

Power Smart (TPS) Program
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Case Study –Behavioral Comparison (Water Use, 

Washers & Dryers)-Cont’d.
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Case Study - Behavioral Comparison (Home 

Heating)
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Case Study – Matching Design

• Selection of Respondents : annual kWh 

• Pre and Post Periods

• Control of Extraneous Variables (Regions, Building 

Types and Space Heating Types)

• Defining Distance Measurement (Absolute Distance)

• Implementing a Matching Method (1:1 Nearest 

Neighbor & Greedy Algorithm)



Case Study – Diagnose of 

Matching

Group Region Building Type
Primary Space 

Heating
Account 

Baseline 

Consumption 

(kWh)

Participant LM SFD/Duplex Non-Electric A1 11,025.43

Comparison LM SFD/Duplex Non-Electric B1 11,025.45

Participant South SFD/Duplex Electric A2 53,405.66

Comparison South SFD/Duplex Electric B2 53,390.83

Participant VI SFD/Duplex Electric A3 16,280.99

Comparison VI SFD/Duplex Electric B3 16,280.88

Participant VI SFD/Duplex Electric A4 27,658.06

Comparison VI SFD/Duplex Electric B4 27,658.71

Participant VI SFD/Duplex Electric A5 12,498.74

Comparison VI SFD/Duplex Electric B5 12,498.63

Example of Five Pairs of Matched Homes



Case Study – Diagnose of 

Matching

Difference versus Average kWh of Each Pair of Matched 

Homes in Pre-Period



Case Study – Diagnose of 

Matching

Distribution of Pre-Program 

Annual Consumption for 

Participants

Distribution of Pre-Program 

Annual Consumption for the 

Matched Non-Participants



Case Study – Impact Estimation

Group

Number 

of 

Accounts

Average Pre-

Program kWh

Average Post –

Program kWh 

(Standard Error)

Total Post-

Program 

GWh

TPS 

Participants

24,774 12,781.56 12,144.03

(60.20)

300.86

TPS Non-

Participants

24,774 12,781.56 12,351.72 

(62.53)

306.01

Difference/

Evaluated 

Savings

0.00 -207.69* -5.15

*: Statistically significant at 95% confidence level.
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