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Abstract: 10 
We demonstrate how “out-of-the-box” machine learning algorithms can be used to analyze 11 
historical home energy retrofit data and provide valuable information for programs aiming to 12 
increase home energy retrofit uptake rates through targeted marketing strategies. Model test 13 
performance results suggest that follow-through on major insulation and air-sealing upgrades 14 
would increase approximately two-fold if identified high-potential customers were targeted by 15 
the program, and that overall participation rates could increase more than ten percent. Machine 16 
learning algorithms can uncover patterns in complex data sets that can provide new insights into 17 
factors driving energy retrofit follow-through. For example, we observed that the probability of 18 
following through on audit recommendations was highly correlated with geographic location and 19 
proximity to other homes that receive an energy audit and undertake major retrofits. The 20 
predictive modeling approaches discussed in this paper can also be used to target different 21 
demographic groups based upon various program goals. Machine learning approaches have 22 
inherent limitations as predictions are built on the assumption that patterns in the data used for 23 
building models will hold in the future. For this reason, models should be updated regularly with 24 
new program data and predictions should be followed judiciously to avoid unexpected outcomes 25 
and unintended biases in program marketing.   26 

Introduction: 27 
Supported by economic and environmental analyses, residential energy efficiency investments 28 
have long been touted as a cost-effective and important strategy for curtailing greenhouse gas 29 
(GHG) emissions, reducing energy burdens and managing energy demands.1 2 As such, 30 
government agencies, utilities and nongovernmental organizations (NGOs) have offered 31 
structured programs and incentives to encourage owners of residential buildings to install 32 

 
1 Granade et al., “Unlocking Energy Efficiency in the U.S. Economy.” 
2 Onat, Egilmez, and Tatari, “Towards Greening the U.S. Residential Building Stock.” 
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efficiency measures such as insulation, air sealing and heating and cooling system replacements . 33 
With ongoing improvements in energy modeling and advanced metering infrastructure, energy 34 
efficiency programs can more accurately target buildings with the greatest technical potential for 35 
energy savings.3 Despite incentives, societal drivers and technical developments, market 36 
penetration of residential energy retrofits continues to fall short of expectations.  37 

This persistently low adoption rate of cost-effective home efficiency measures has been dubbed 38 
the “efficiency gap” or “energy efficiency paradox”.4 The efficiency gap has been attributed, 39 
among other factors, to a lack of awareness of strategic efficiency opportunities on the part of the 40 
consumer.5 A common strategy for overcoming this information deficit, implemented since the 41 
earliest residential energy conservation programs of the 1970s, is to offer free or subsidized 42 
“home energy audits” to guide homeowners through the retrofit process.6 In this approach, an 43 
independent consultant evaluates the building shell and equipment and provides a prioritized list 44 
of cost-effective energy-saving measures to the consumer to act on. Typical high-priority 45 
recommendations include insulation, air sealing and major equipment upgrades. Efficiency 46 
programs offer various incentives for measures installed and may require the consultant to 47 
conduct a post-retrofit inspection for quality assurance. 48 

Despite the prevalence of home audit programs among utilities and weatherization agencies 49 
nationally, program participation remains much lower than the economic potential of home 50 
retrofits. Based upon estimates from US Energy Information Administration’s 2009 and 2015 51 
Residential Energy Consumption Survey (RECS), only about 3 percent of households have had a 52 
home energy audit. In addition, a recent national survey of home energy audits suggests that less 53 
than half of home owners who receive the audit follow through on a significant 54 
recommendation.7 In many cases, the follow-through rate on major building envelope and 55 
heating system improvement recommendations is likely to be significantly less than 50%. For 56 
example, only approximately10-20% of customers followed through on any major building shell, 57 
heating system or water heater measure recommended in audits in a Canadian government 58 
weatherization program from 1998 to 2005.8  59 

In the interest of designing more effective policies and programs, past research has sought to 60 
uncover the decision-making process around efficiency retrofits and to identify characteristics of 61 
households that are more likely to follow-through on major audit recommendations. Information 62 
and awareness about the efficiency options is one of many factors that affect the decision-making 63 

 
3 Tsanas and Xifara, “Accurate Quantitative Estimation of Energy Performance of Residential Buildings Using 
Statistical Machine Learning Tools”; Marasco and Kontokosta, “Applications of Machine Learning Methods to 
Identifying and Predicting Building Retrofit Opportunities”; Tian et al., “Data Driven Parallel Prediction of Building 
Energy Consumption Using Generative Adversarial Nets”; Swan and Ugursal, “Modeling of End-Use Energy 
Consumption in the Residential Sector”; Zhong et al., “Vector Field-Based Support Vector Regression for Building 
Energy Consumption Prediction.” 
4 Gerarden, Newell, and Stavins, “Assessing the Energy-Efficiency Gap”; Hirst and Brown, “Closing the Efficiency 
Gap”; Jaffe and Stavins, “The Energy-Efficiency Gap.” 
5 Palmer, Walls, and O’Keeffe, “Putting Information into Action.” 
6 Walker, Rauh, and Griffin, “A Review of the Residential Conservation Service Program.” 
7 Palmer et al., “Assessing the Energy-Efficiency Information Gap.” 
8 Gamtessa, “An Explanation of Residential Energy-Efficiency Retrofit Behavior in Canada.” 
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process. These motivations and constraints include financial considerations, perceived non-64 
financial benefits, perceived hassle, the technical savings potential and various contextual 65 
influences such as household composition, demographics and tenure.9 For example, Palmer and 66 
Walls (2015) found that households that were more aware of energy use, knew others who had 67 
gotten an audit and had no immediate plans to move were more likely to get an audit.10 In a 68 
related study, Palmer et al (2015) found that the homeowner’s decision about whether to follow-69 
through on audit recommendations was influenced by factors related to the satisfaction with the 70 
audit and costs of recommended improvements.11 Recent research has used multivariate probit 71 
models to analyze and illustrate how these factors come into play in households as they 72 
undertake the efficiency retrofits.12  73 

By mining historic program data, other studies have uncovered factors associated with 74 
households that are more likely to make significant efficiency upgrades. Gamtessa (2013) 75 
applied linear logistic regression to analyze participation data for a Canadian home efficiency 76 
retrofit program and found that those who acted on major audit recommendations were more 77 
likely to have significant savings opportunities, live in older homes and have lower incomes. A 78 
similar analysis of the 2013 Canadian Households and Environment Survey found that the 79 
probability of following through on audit recommendations was correlated with demographic 80 
characteristics such as the household size, composition and age, as well as home age and 81 
available government incentives.13 This suggests that there are opportunities to increase program 82 
impacts through targeting marketing and incentives toward specific demographic groups with a 83 
higher propensity for participation.  84 

Like other industries, efficiency program administrators are increasingly recognizing the 85 
potential benefits incorporating advanced analytics techniques in their program design process 86 
and marketing plans, (e.g. Sheer et al 2017; Quaid 2016; Shaban et al 2016; Dahlquist 2016).14 87 
Many utility programs have access to rich historic data which includes energy usage, building 88 
shell characteristics, building locations, program participation information and sometimes 89 
detailed demographic information available from third parties. When available, geolocational 90 
information for buildings can be combined with public census data to explore geospatial 91 
demographic patterns in energy usage and program participation rates. While some factors 92 
associated with increased household propensity for efficiency retrofit may generalize across 93 
various program design structures and geographic regions, other factors will be program and 94 
region-specific. For this reason, there are benefits to programs mining their own program data for 95 

 
9 Wilson, Crane, and Chryssochoidis, “Why Do Homeowners Renovate Energy Efficiently?” 
10 Palmer and Walls, “Limited Attention and the Residential Energy Efficiency Gap.” 
11 Palmer, Walls, and O’Keeffe, “Putting Information into Action.” 
12 Wilson, Pettifor, and Chryssochoidis, “Quantitative Modelling of Why and How Homeowners Decide to 
Renovate Energy Efficiently.” 
13 Das, Richman, and Brown, “Demographic Determinants of Canada’s Households’ Adoption of Energy Efficiency 
Measures.” 
14 Scheer, Borgeson, and Rosendo, “Customer Targeting for Residential Energy Efficiency Programs: Enhancing 
Electricity Savings at the Meter”; Shaban, Khan, and Meisegeier, “Mining Energy Efficiency Program Data”; 
“Magic Powers: Customer Targeting with Machine Learning - 0194_0286_000378.Pdf.” 
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insights. As “off-the-shelf” advanced analytic tools become more readily accessible, this 96 
becomes increasingly feasible for organizations.  97 

The goal of this study was to explore how readily-available, open-source machine learning tools 98 
could be used to predict different characteristics associated with household propensity to 99 
participate in a utility home energy retrofit program. One of the benefits of machine learning 100 
algorithms is that they can more readily model complex, non-linear patterns in data in ways that 101 
are more difficult with traditional approaches like linear regression.  102 

Working with a cohort of over one million residential customers for natural gas customers of a 103 
Midwestern U.S. utility, we compared the performance of several standard machine-learning 104 
approaches for predicting probabilities that customers would both have significant retrofit 105 
opportunities and act on audit recommendations as a function of monthly gas usage, building 106 
characteristics, household demographics and spatial proximity to other program participants. We 107 
demonstrate here how the best models could be used to strategically target customers for 108 
program participation, identify some of the key predictors of participation and discuss some of 109 
the potential limitations of using machine learning in this context. Although prior studies have 110 
used machine learning algorithms to predict energy usage in buildings and the technical savings 111 
potential, this is the first study that we are aware of to use these methods to predict both technical 112 
potential as well as household propensity for efficiency retrofits.  113 

Methodology: 114 

The problem 115 
It is common in the U.S. for natural gas residential retrofit programs to provide subsidized 116 
diagnostic energy audits and offer rebates for specific energy efficiency improvements such as 117 
attic and wall insulation, air sealing, and high efficiency heating systems. In addition, income-118 
qualified customers may receive higher incentive levels for installed measures. Owner-occupied, 119 
single-family homes typically participate the most in these programs because they both receive 120 
the benefits of weatherization and have an incentive to invest in the home. The natural gas 121 
retrofit program used in this study conducts an audit on 3,000 to 6,000 customers’ homes 122 
annually. Of these, an average of 35% follow through on major recommended improvements to 123 
the building shell or heating system. 124 

To increase the energy savings per dollar invested in the program, the utility programs generally 125 
would like to target customers that:  a) live in homes with significant energy savings potential;  126 
b) are likely to seek an energy audit; and, c) are likely to follow-through on major recommended 127 
efficiency upgrades. In addition, the utility programs that focus on serving lower-income 128 
customers are interested to know the customers whose income level would qualify them for 129 
additional incentives.  130 

Approach 131 
Our objective was to quantify how well readily available machine learning tools could predict 132 
key targeted attributes and outcomes of past program participants using relevant data that is 133 
currently available. Because our goal was to predict the potential of households for program 134 
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participation prior to receiving an audit, we were constrained to using data sources that could be 135 
obtained without doing an on-site visit to the premise. This includes data on past natural gas 136 
consumption, building characteristics, household and neighborhood demographics and geospatial 137 
patterns.  138 

Using these potential predictors, we trained logistic regression, k-nearest neighbors, support 139 
vector machines, random forests, and gradient boosting machines models to classify binary 140 
outcomes observed in audit recommendations and past program participant actions for 2012 141 
through 2018. We compared model performance on test datasets and selected the best models to 142 
make predictions on the full customer database and identify a subset of customers predicted to 143 
have a higher propensity for program participation and a higher propensity of needing rebated 144 
measures. We then compared actual program outcomes for 2019 to model predictions. Table 1 145 
summarizes the approach and training data used to build classification models to identify each of 146 
the four target groups. For example, to identify homes that are likely to need insulation, air 147 
sealing or a new heating system we trained models to predict the inclusion of these 148 
recommendations in past audit reports based on existing information about the building and 149 
household characteristics 150 

Table 1: Summary of approach and historical data used to predict inclusion in target group. The sample size represents the 151 
number of homes used  for the model training process prior to splitting between training and test datasets. For each dataset, 80% 152 
of the records were used in the training and the remaining 20% were reserved for the test data. 153 

Target group  Approach Binary variable(s) Training data 
description 

Sample 
size  

Prevalence of 
positive class 

Homes likely 
to have 

significant 
savings 

opportunities 

Predict the inclusion 
of insulation, air 
sealing or heating 
system upgrades in 
prior audit reports 

Recommend: 
-Heating system? 
-Air sealing? 
-Insulation? 

Audit 
recommendations 
for sample of prior 
program 
participants  

11,534 
 

27% Heating rec. 
61% Insulation 
rec. 
61% Air sealing 
rec. 
 

Households 
likely to get 

audits 

Predict that a 
customer will get an 
audit through the 
program. 

Will get audit? All customers in 
service territory 
with complete data  

665,437 
 

5% get audits 

Households 
likely to make 

significant 
upgrades after 

audit 

Predict that a 
program participant 
will act on air sealing, 
insulation and 
heating-system 
recommendations 
after an audit. 

Will install 
major measure? 

Outcomes for a 
sample of prior 
program 
participants  

15,858  
 

37% install at 
least one major 
measure 

Households 
likely to be 

income-
qualified 

Predict that program 
participants will be 
income-qualified. 

Is income-
qualified? 

Sample of past 
program 
participants with 
income 
classification  

23,442 
 

34% income-
qualified 
 

 154 
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Predictor variables 155 
The available data sources used for training models fell into five categories. These categories and 156 
their associated variables associated are described in detail below and summarized in Table 2.  157 

Natural gas consumption 158 
For each home and each program year (2012-2018), we calculated weather-normalized annual 159 
consumption—as well as statistically disaggregated estimates of consumption for space-heating, 160 
and non-heating end uses—using a variable-base heating degree day regression model.15 161 
Keeping only data for years to prior to getting an audit where there was a good fit for the 162 
consumption (model r2 > 0.7), we calculated long-term and recent normalized gas consumption. 163 
When building area was available, we calculated the energy use intensity (mean normalized 164 
annual gas consumption per square meter). 165 

Building attributes 166 
Home audit data from each program year was combined with purchased third-party data which 167 
included actual or estimated building attributes for many homes that might be predictive of 168 
household retrofit potential and propensity. These included building area, building age, estimated 169 
home value, property type, and exterior cover type (siding). 170 

Household-level demographics 171 
Also available with the third-party marketing data were variables that estimate the demographic 172 
characteristics of the household. These included the number of adults and children, educational 173 
level, length of residence, home ownership status, household composition, marital status and age 174 
of household members.  175 

Neighborhood-level demographics 176 
U.S. Census Bureau tract-level data was matched to home addresses and included information on 177 
the estimated number of people who identified in different racial groups, median income, overall 178 
median age and median age by gender. 179 

Geospatial attributes 180 
We estimated the geographic coordinates for most addresses in the customer database using a 181 
free online geocoding service provided by the U.S. Census Bureau. Geographic coordinates, 182 
latitude and longitude, were then transformed to the Universal Transverse Mercator (UTM) 183 
projected coordinate system zone designation for the region using a geographic information 184 
system. These UTM coordinates were included as predictors for training models. We also 185 
generated variables that indicated the proximity of a customer to other customers who have 186 
participated in the retrofit program either by getting an audit or by both getting an audit and 187 
acting on major efficiency upgrades. Because we were not sure at what scale potential 188 
neighborhood influences might be occurring, we calculated this predictor in different ways, 189 
including distance to closest one, five or ten program participants or the number of participants 190 
within expanding radii from 500 to 40,000 meters (Table 2). 191 

 
15 Fels, “PRISM.” 
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Data Preprocessing  192 
We took some initial steps to separate the customer list into those who would likely qualify for 193 
the home retrofit program and those with very low incomes that would qualify for a separate 194 
program. The separate program receives commitments to install major measures before the audit 195 
and is completely free to the customers. We wanted to remove them to reduce the potential 196 
confounding effects of free services to predicting whether or not a customer will participate in 197 
the home retrofit program. Therefore, we removed households that had either previously 198 
participated in the low-income program or that would likely qualify based upon the fact that they 199 
had recently gotten billing assistance from the utility. Similarly, we also removed multifamily 200 
dwellings and past participants in a new homes program because they likely would not qualify 201 
for this specific home retrofit program. The utility also runs a marketing campaign in selected 202 
geographic areas involving working with local leaders to drive participation in the program using 203 
special promotions for that area. These customers were also removed as they would create a 204 
stronger correlation with the geospatial attributes than would be observed in the general 205 
population. 206 

Most of the modeling approaches that we used could not handle missing values. One way to deal 207 
with this is to impute missing data. Since imputation adds and additional layer of uncertainty to 208 
model predictions and since we had a relatively large dataset that was representative of the full 209 
customer population, we decided not to impute data.  Instead we selectively removed predictors 210 
if they had a high proportion of missing values, i.e. >15%, and then removed records that had 211 
missing values for any of the remaining predictors.  212 

Prior to model training, we also screened predictor variables with either near-zero variance or 213 
that were highly collinear (correlation > 0.9). The final set of 34 predictor variables were then 214 
centered, scaled and Box-Cox transformed. We used R (version 3.6.1), a free software 215 
environment for statistical computing and graphics, for all data processing and analysis steps.16 216 
In particular we relied heavily on the tools and methods included in the “caret” (Classification 217 
and Regression Training) package version 6.0-84.17 The final analytic dataset used for model 218 
training and testing included 45 predictor variables between 11,534 and up to 665,437 records 219 
depending on the data available for the response variable. For example, we had measure 220 
recommendations from audits and predictor variables for 11,534 homes but income qualification 221 
status and complete predictors for 23,442 homes (Table 1). 222 

Table 2. Final list of predictors used in model training 223 

Category Variable 
Building attributes (5) Conditioned area 

Home value 
Siding type 
Year built 
Residence type  

 
16 R Core Team, R: A Language and Environment for Statistical Computing. 
17 Wing et al., Caret: Classification and Regression Training. 
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Neighborhood 
demographics (8) 

Median age (female) 
Median age (male) 
Asian population 
African American population 
Other race population 
White population 
Mixed race population 

Gas consumption (4) Normalized annual consumption (past year) 
Normalized annual base consumption (historic mean) 
Normalized annual base consumption (past year) 
Heating energy use intensity (mean annual heating consumption per 
square foot in past year) 

Household demographics 
(8) 

Number of adults 
Number of children 
Highest education level 
Household composition category 
Home ownership status 
Length of residence 
Marital status 
Birth date 

Geospatial attributes (9) Longitude (UTM) 
Latitude (UTM) 
Distance to nearest participant 
Mean distance to closest 5 participants 
Number of participants within 500 meters 
Number of participants within 2,000 meters 
Number of participants within 5,000 meters 
Number of participants within 10,000 meters 
Number of participants within 20,000 meters 

 Number of participants within 40,000 meters 
 224 

 225 

Model Training, Evaluation and Interpretation 226 
For each of the target binary response variables, we initially compared the performance of five 227 
predictive modeling approaches implemented in R packages: logistic regression (base R), k-228 
nearest neighbors (“class” package v7.3-15)18, support vector machines with radial basis 229 
function kernel (“kernlab” package v0.9-27)19, random forests (“randomForest” package v4.6-230 
14)20, and gradient boosting machines (“gbm” package v2.1.5)21. For each target response 231 
variable, we allocated 80% of the data for model training and the remaining 20% was set aside to 232 

 
18 Venables and Ripley, Modern Applied Statistics with S. 
19 Karatzoglou et al., “Kernlab – An S4 Package for Kernel Methods in R.” 
20 Liaw and Wiener, “Classification and Regression by RandomForest.” 
21 Greenwell et al., Gbm: Generalized Boosted Regression Models. 
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test final model performance (Table 1). When predicting unbalanced classes, such as audit 233 
uptake where only 5% of customers have gotten audits, we compared the effect of different up- 234 
and down-sampling techniques.  235 

All models were trained to optimize overall accuracy using 10-fold cross validation. Final model 236 
performance was evaluated based upon predictions on the test data. We compared their overall 237 
accuracy (ratio of correctly predicted observation to the total observations) compared to the no 238 
information rate (accuracy attributed largest proportion of observed outcomes), precision (ratio 239 
of true positives over sum of true and false positives) and sensitivity (ratio of true positives over 240 
sum of true positives and false negatives). Our objective was to identify a cohort of customers 241 
that should have a higher rate of program qualification and participation than the historic 242 
baseline. For this reason, our primary criteria for model selection was a balance of precision and 243 
sensitivity. For all target response categories, we found that iterative tree-based classification 244 
methods, especially random forest models, consistently performed better than other methods. 245 
Table 3 shows the test data metrics for the five modeling approaches when predicting whether a 246 
home will install a major measure recommended in an audit. Although not shown here, the 247 
random forest and gradient boosting machine algorithms performed better than the other methods 248 
for all customer participation categories.  249 

Table 3. Test data metrics for models used to predict probability that customer would install major measure recommended in an 250 
audit. Random forest and gradient boosting machine algorithms performed better than the other methods for all program 251 
participation categories. 252 

MODEL Accuracy Precision Sensitivity Neg. Pred. Value 
Random Forest 0.79 0.77 0.59 0.79 
Gradient Boosting Machines 0.77 0.72 0.59 0.79 
Support Vector Machines 0.70 0.66 0.36 0.71 
K-Nearest Neighbors 0.69 0.67 0.31 0.70 
Logistic Regression 0.69 0.63 0.38 0.71 

 253 

We then used the selected random forest models to make predictions on the larger customer data 254 
set and select a cohort of customers with a greater than 50% probability of a positive response 255 
for each target category. Using the model performance measures from the test data, i.e. precision, 256 
we estimated the counts of expected true positive and false positives in each customer cohort. 257 
These numbers were then used to evaluate the theoretical potential for future program 258 
participation and consider applications for targeted marketing campaigns. To further assess the 259 
expected accuracy predictions in future years, we compared the model predictions generated 260 
using the 2013-2018 data to the outcome observed in 2019. We compared the model accuracy 261 
metrics for predicting outcomes in 2019, including participation detection rate, i.e. sensitivity, to 262 
that calculated using the historic test data. We also compared the mean predicted probability 263 
participation among 2019 participants to the mean probabilities for all potential participants. 264 

Untangling the detailed mechanics for how random forest machine learning algorithms are 265 
making predictions can be difficult or impossible. However, by comparing the Gini index for 266 
model training iterations when a variable was included versus excluded a relative “variable 267 
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importance” score can be estimated for each predictor. By comparing the variable importance 268 
metrics for predictors and exploring patterns in predictor values among customers expected to 269 
fall into each participation category, we gleaned insights into some of the important determinants 270 
of program participation. For each predicted participation category, we compared the mean 271 
importance of predictor variables falling in each of the five categories shown in Table 2.  272 

To further explore potential patterns driving model predictions, we compared how predictor 273 
values varied between new customers (potential future program participants) assigned to 274 
different participation categories by the random forest model. For example, we examined how 275 
building age correlated with probability of predicting insulation recommendations and examined 276 
how mean distance to past program participants correlated with probability of predicting a new 277 
household’s participation. Given that spatial variables were important for many of models, we 278 
also used contour plots to explore spatial patterns in the distribution of future program 279 
participants predicted to fall in different categories. 280 

Results 281 

Model performance and predictions 282 
The performance metrics for the random forest model predictions on the test data for each of the 283 
six target program participation categories are summarized in Table 3. Only the models for 284 
predicting the recommendation of a heating system and that a customer would get an audit had 285 
accuracy below the no information rate, i.e. the level of accuracy that could be achieved by just 286 
choosing the category of highest proportion participation. The test precision for all models 287 
exceeded the baseline positive prediction rate, i.e. the proportion of the positive class in the test 288 
and training data. This indicates that the models are able to identify a subset of households that 289 
have a higher rate of program qualification and propensity for participation. For example, 290 
although on average 37% of program participants act on major retrofit recommendations after an 291 
audit, this rate of 67% among the group the model predicts will follow through on 292 
recommendations. For all response categories, the cutoff for assigning a positive outcome was 293 
0.5 or greater predicted probability. 294 

Table 3. Test data performance metrics for the best random forest models trained to predict propensity for of households to meet 295 
program participation criteria. Models that more effectively classify customers in each category will have an overall accuracy 296 
greater than the “no information rate” and have a precision greater than the baseline positive prediction rate. *Indicates test 297 
accuracy greater than the no information rate. 298 

CATEGORY Accuracy Precision Sensitivity Baseline Pos. Pred. Rate No info. rate 
Needs air sealing? 0.74* 0.74 0.88 0.61 0.61 
Needs insulation? 0.76* 0.76 0.88 0.61 0.61 

Needs heating 
system? 

0.58 0.35 0.63 0.27 0.73 

Is income-qualified? 0.84* 0.92 0.61 0.36 0.64 
Will get audit? 0.76 0.13 0.68 0.05 0.95 

Will install major 
measure? 

0.78* 0.77 0.59 0.37 0.63 

Figure 1 provides a visual comparison of the rate of positive outcomes for all customers in the 299 
test data compared to the subset predicted by the model to have a positive outcome, i.e. to need 300 
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insulation, get an audit, etc. For predicting measures that would be recommended on an audit 301 
report, the increase in rate of the positive class among those predicted to need a measure is 302 
modest (23-40%).  For other categories, the relative change is more substantial (110-172%). 303 
However, this conversion rate change is only useful if models can identify a sufficiently large 304 
cohort of customers. The numbers to the right of each line represent the expected number of 305 
correct predictions among 630 thousand customers. For example, the model predicts that 306 
approximately 145 thousand customers would get audits but, based upon the measured precision 307 
for the test data, we would only expect about 19 thousand (13%) of those prediction to be 308 
correct. On the other, the model was able to accurately identify a subset of customers expected to 309 
be income-qualified for additional incentives. Of the 77 thousand predicted to be income-310 
qualified, we would expect 70 thousand (92%) to be classified correctly. 311 

 312 

Figure 1. Comparison between baseline rate of positive outcomes to true postive rate of customers identifed by the model. The 313 
numbers to the right of each line represent the number of correct predictions out of 630 thousand potential customers.  314 

 315 

Similarly, by applying the observed error rates from the test data to the predictions on the larger 316 
set of 630 thousand potential participants, we could estimate the number of positive outcomes 317 
that the models likely will not detect. Figure 2 shows the estimated counts of false positive and 318 
false negative errors for these predictions. For example, the model for predicting income 319 
qualification would be expected to have a low false positive rate (8%), but will likely misclassify 320 
a larger fraction of customers predicted not to be low-income (19% false negative rate) and 321 
therefore miss many customers who are truly income-qualified.    322 
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Figure 2. Estimated outcomes for the 630,000 potential customers predicted to fall in each category. Misclassifcation counts 323 
rates were estimated by applying the error rates from the measured on the test data to the predictions on the new customer data. 324 

 325 

We found that the performance metrics for predicting the outcomes for 2019 participants was 326 
similar to the historical test data metrics for predicting air sealing or insulation recommendations 327 
and income status (Table 4) but performance metrics were generally lower than the test data for 328 
the other categories. For example, 81% of the customers with insulation recommendations in an 329 
audit were among the cohort predicted to need insulation by the random forest model.  330 

The detection rate was lower for predicting audits and whether customers would install a major 331 
measure. Only 16% of the 2019 households who installed major measures were among those 332 
predicted by the models to do so and 46% of those predicted to install a major measure were 333 
among those who did. This number is still higher than the overall installation rate for the year 334 
32% which suggests that the model was able to discriminate among customers with a higher 335 
probability of following through on recommendations. We thought that the measure installation 336 
detection rate might be low in part because customers with audits later in 2019 have not had time 337 
to follow through on recommendations. But we saw similar results when analyzing only 338 
households that received audits in the first six months of 2019.  Audits and heating system 339 
recommendations were rare which makes predicting them inherently challenging. Less than 1% 340 
customers get audits on a given year and only 5% of the customers who got audits in 2019 had 341 
heating system replacement recommendations both of which are much lower than the overall 342 
fractions of customers in these groups, 5% and 27% respectively (Table 3). 343 

 344 
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Table 4. Model prediction metrics for the out-of-sample 2019 participation data. “*” Indicates accuracy greater than they no 345 
information rate for 2019. 346 

Category Participants in 
2019 

No Info. Rate 
(2019) 

Accuracy Precision Sensitivity Neg. Pred. 
Val. 

Needs air sealing? 2,139 0.72 0.81* 0.89 0.84 0.74 
Needs insulation? 2,119 0.71 0.78* 0.87 0.81 0.70 
Needs heating 
system? 

93 0.03 0.58 0.05 0.73 0.58 

Is low-income? 382 0.87 0.94* 0.80 0.72 0.97 
Will get audit 2,974 <0.99 0.77 0.01 0.44 0.77 
Will install major 
measure? 

951 0.68 0.67 0.47 0.16 0.91 

 347 

. 348 

 349 

We observed that for all categories the median predicted odds of participation was higher for 350 
those households in participating in 2019 compared to all households in the customer base 351 
(Figure 3). This suggests that future program participation is correlated with higher predicted 352 
odds of participation. Median predicted odds that a household would be income-qualified was 353 
26% for all customers but 67% among the 2019 participants who were income qualified, a 41% 354 
absolute difference. The difference between groups was more modest for other categories 355 
absolute increases of 5-14% compared to the median predicted odds for all customers. 356 
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Figure 3. Distribution of  predicted odds of household falling into categories for 2019 participants. Vertical lines represent the 357 
median odds of all households compared to the households participating in 2019. 358 

 359 

 360 

 361 
Explanatory variables 362 
We compared of the relative importance of predictor variables in different categories for 363 
improving model accuracy. Figure 3 shows the fractional importance of variables in each 364 
category among the twenty variables with the highest importance values. We noted that models 365 
predicting some program attributes like insulation and air sealing opportunities, rely more about 366 
building attributes, while model predictions of program participation outcomes (audits, measure 367 
installations) are driven more by geospatial patterns. Overall neighborhood demographic 368 
predictors were the least important for model performance. 369 
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Figure 4. Approximate relative contribution of variables in each category associated with a target outcome based upon the 370 
scaled mean importance value. 371 

 372 

Comparing the relative contribution of different predictor categories, however, can mask cases 373 
where one or several has outsized importance compared to others. For example, home age is five 374 
times more important than the next most important variables (energy consumption) for predicting 375 
air sealing and insulation opportunities. Similarly, home age is twice as important as the next 376 
variable (distance to other participants) for predicting whether a customer will act on major 377 
efficiency improvements (Table 5). Among the household demographic predictors, the 378 
household composition is the one that appears most frequently.  379 

 380 

Table 5. Top 5 variables by relative importance value 381 

Response variable Predictor (relative importance value) 
Needs Air sealing? 1. Year built (100) 

2. Household composition category (26) 
3. Birth date (24) 
4. Heating energy use intensity (23) 
5. Normalized annual consumption (past year) (23) 

Will get audit? 1. Mean distance to closest 5 participants (100) 
2. Number of participants within 1,000 meters (69) 
3. Home value (39) 
4. Household composition category (34) 
5. Longitude (34)  
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Will install major 
measure? 

1. Year built (95) 
2. Number of participants within 5,000 meters (61) 
3. Longitude (56) 
4. Household composition category (52) 
5. Normalized annual consumption (past year) (45) 

Needs heating 
system? 

1. Heating energy use intensity (past year) (100) 
2. Year built (100) 
3. Household composition category (99) 
4. Normalized annual consumption (past year) (80) 
5. Home value (82) 

Is low-income? 1. Home value (100) 
2. Number of participants within 5,000 meters (93) 
3. Longitude (64) 
4. Number of participants within 20,000 meters (57) 
5. Latitude (52) 

Needs insulation? 1. Year built (100) 
2. Home value (22) 
3. Household composition category (22) 
4. Heating energy use intensity (past year) (18) 
5. Birth date (17) 

 382 

Random forest models can generate predictions based on non-linear patterns and multiple 383 
correlations between predictors. As such it can be difficult to uncover simple mechanistic 384 
explanations for why one customer would be assigned a probability to be in a class by the model. 385 
However, by plotting the model generated probabilities of positive outcomes in the test data 386 
versus continuous variables with high importance, we can see some strong linear patterns. 387 

For example, whether an auditor will recommend insulation is mostly dependent on the age of 388 
the home and a customer must receive a recommendation to be able to receive rebates on that 389 
measure. The random forest model detects this pattern and assigns a much higher probability of 390 
getting the insulation recommendation homes built before 1975 (Figure 4). Similar to the 391 
prediction of insulation needs, the model is predicting whether a household will be income 392 
qualified primarily based on the estimated home value. The median home value for past income 393 
qualified customers in the training data is 117 thousand dollars compared to 215 thousand dollars 394 
for customers not income-qualified.  However, whether a participant installs major upgrades, is 395 
correlated with household proximity to past program participants, i.e. homes who have made 396 
major upgrades through the program. As shown in Figure 4, we see that the models are detecting 397 
a negative relationship between distance to past participants and likelihood of following through 398 
on heating, insulation or insulation improvements. In other words, there appears to be a 399 
significant “neighborhood effect” or spatial clustering associated with program participation.  400 

 401 
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Figure 4. Predicted probability of receiving recommendation for insulation improvements on audit report. For clarity, homes 402 
built before 1900 were excluded. The actual outcome is indicated by point color. 403 

 404 

 405 

 406 

Figure 5.Contour plot of test data predicted probability of installing a major measure after an audit as a function of mean 407 
distance to the closest five households which previously installed measures through the program. Although there is significant 408 
noise in the relationship, the random forest model assigns lower probability of installing measures with increasing distance of a 409 
household from past program participants.  410 

 411 
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 412 

 413 

This apparent “neighborhood effect” is visible when comparing the the spatial distribution of 414 
new customers expected to fall in different program participation categories. When examining 415 
the geographic distribution of potential new customers predicted to meet program participation 416 
criteria, we observe spatial clustering of the households expected to fall in different categories 417 
compared to the overall distribution of households in a region. For the same county in the utility 418 
territory, for example, we see that predicted spatial density for households predicted to need 419 
insulation or a new heating system are very similar but more centrally clustered compared to the 420 
overall distribution of homes in the county (Figure 6). The distribution of customers predicted to 421 
get an audit is overlapping but somewhat shifted compared to the insulation and heating 422 
categories. Similarly, the distribution of customers predicted to install a major measure or be 423 
income-qualified show a similar distribution in specific regions but with significant overlap with 424 
the other groups.  425 

Figure 6. Contour plot showing the spatial density of potential new program participants by predicted program participation 426 
category for a sample county in the utility territory. Categories include all potential households with sufficiency data for 427 
predictions (top left), households predicted to need insulation (top center), those predicted to need a heating system upgrade (top 428 
right), those predicted to get an audit (bottom left), those predicted to install major upgrade (bottom center) and those predicted 429 
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to be income-qualified (bottom right). UTM coordinates have been centered and scaled. Numbers represent the number of 430 
households in each category. 431 

 432 

  433 

Discussion and conclusion: 434 
Readily available machine learning algorithms can have a useful role in helping to explain 435 
household efficiency retrofit participation. To yield significant energy savings, a participating 436 
household must have both significant technical potential and high propensity to make major 437 
upgrades. The technical savings potential is determined primarily by the building characteristics. 438 
The household propensity to act on efficiency improvements is determined by a variety of 439 
contextual and demographic factors that are difficult to measure and model. In predicting which 440 
past program participants would make significant air sealing, insulation and heating system 441 
improvements after an audit, random forest models can uncover patterns in data that indicate a 442 
higher probability that both technical potential and household propensity exists.  443 
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We saw that technical potential for energy savings through building shell improvements 444 
appeared to be largely a function of building attributes such as home age, but also energy usage 445 
and, to a lesser extent location. This observation aligns with our unpublished analyses of home 446 
energy audit data for the same utility as well as the results of national occupant surveys about 447 
building insulation levels.22 Building codes, especially after 1980 typically have more stringent 448 
requirements for insulation. Because insulation predictions are based upon observations and 449 
recommendations made during a sample of home energy audit, it is also possible that there is 450 
some bias on the part of auditors to recommend additional insulation in older homes.  451 

Compared to air sealing and insulation, the models were less accurate in identifying homes that 452 
would need a new heating system. The two most important variables for predicting heating 453 
system replacement opportunities were home age and heating energy use intensity (therms/m2.). 454 
Even if a building has unusually high heating intensity, without additional on-site measurements, 455 
it is difficult to determine from the available data whether this would indicate an inefficient 456 
heating system, inefficient building shell, or both.  457 

In addition to building and energy usage, technical opportunities were also related to spatial 458 
variables but to a lesser extent. The observed spatial patterns are likely due in part to correlations 459 
between building characteristics and location. For example, the models could be targeting 460 
neighborhoods with a higher fraction of older homes. Similar correlations likely exist between 461 
estimated home value and location as lower and higher-income neighborhoods are often spatially 462 
segregated.23 As a customer’s propensity to be income-qualified was primarily determined by the 463 
home value this may explain the some of the spatial patterns in homes predicted to fall in this 464 
category. 465 

Although building attributes were more important variables in prediction building technical 466 
potential building efficiency upgrades and income status, spatial, household and neighborhood 467 
characteristics were relatively more important for models predicting propensity for program 468 
participation, including getting audits and installing major upgrades. Indeed, the top five 469 
variables for predicting whether a household would get an audit related to proximity to other 470 
customers who participated in the program. However, it is worth noting that the model was not 471 
very effective at identifying customers who would get audits with a test precision of only 13% 472 
and a sensitivity of 70%. Assuming a customer got an audit, however, the random forest model 473 
was more effective at identifying which customers would follow through on major measures 474 
with a test precision 77% and sensitivity of 59%. Customers that install major upgrades must 475 
have both a technical opportunity for insulation, air sealing or heating system replacement and 476 
propensity to do so. This is reflected in combination of important variables which include home 477 
age, energy usage, location and proximity to past participants. Although we do observe some 478 
evidence of an apparent neighborhood effect where potential customers who are near past 479 
participants are predicted to have a higher odds of participating in a program it is not clear to 480 
what extent this reflects local diffusion of information between households, unmeasured 481 

 
22 Hojjati, Householder’s Perceptions of Insulation Adequacy and Drafts in the Home in 2001. 
23 Owens, “Building Inequality.” 
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variables that correlate spatially, or a reinforcement of historic program marketing efforts which 482 
might target specific areas in the utility territory.  483 

With further research and analyses it might be possible to improve understanding of how 484 
combinations of spatial patterns, neighborhood-level diffusion of information, building attributes 485 
and demographic characteristics determine the household decision-making process around 486 
making energy efficiency retrofits. One of the benefits of using machine learning methods is that 487 
they can allow us to leverage these existing patterns in the data to make useful predictions 488 
without having to understand the nuances of how the model works. As such, we see machine 489 
learning methods as tool that has potential to be used judiciously by home retrofit program 490 
implementers to mine existing program data to develop predictions about new customers who 491 
have a greater likelihood for successful participation. Using the results of the models presented 492 
here, for example, a program implementer might develop a tiered marketing and outreach 493 
approach where broader “light touch” campaigns target the larger cohort of customers predicted 494 
to need major building shell or heating system measures. More intensive outreach efforts could 495 
target the smaller cohort of customers that are predicted to install a major upgrade, since we 496 
would feel more confident that this group had both technical savings opportunities and 497 
propensity to participate. Based on the error rates observed in the test data, participation rates in 498 
these targeted groups should be significantly higher than the historical baseline.  499 

As noted, the results of these models and the predictions should be used judiciously to guide 500 
program design and outreach strategy. The predictive models generate predictions based the 501 
assumption that patterns driving participation, including incentive levels and program structure, 502 
that existed in the historic data used for model training will continue in the future. They are also 503 
built on the assumption that the sample of households used in the model training process are 504 
representative of the characteristics of the larger potential customer based on which new 505 
predictions are generated.24 For this reason, care should be taken both in training models on a 506 
representative data set, and in interpreting predictions made on a larger population of customers. 507 
We advocate the use of machine learning approaches as one additional tool at program managers 508 
disposal. The information generated by these models should evaluated along with existing 509 
sources of information and evolving strategies but could provide additional value for ratepayer 510 
funded utility programs.  511 

Acknowledgements 512 
This work was funded jointly by a Midwestern U.S. utility and Slipstream Inc. 513 

 514 

References: 515 
Das, Runa, Russell Richman, and Craig Brown. “Demographic Determinants of Canada’s 516 

Households’ Adoption of Energy Efficiency Measures: Observations from the 517 
Households and Environment Survey, 2013.” Energy Efficiency 11, no. 2 (February 1, 518 
2018): 465–82. https://doi.org/10.1007/s12053-017-9578-4. 519 

 
24 Riley, “Three Pitfalls to Avoid in Machine Learning.” 



 

22 
 

Fels, Margaret F. “PRISM: An Introduction.” Energy and Buildings 9, no. 1–2 (February 1986): 520 
5–18. https://doi.org/10.1016/0378-7788(86)90003-4. 521 

Gamtessa, Samuel Faye. “An Explanation of Residential Energy-Efficiency Retrofit Behavior in 522 
Canada.” Energy and Buildings 57 (February 1, 2013): 155–64. 523 
https://doi.org/10.1016/j.enbuild.2012.11.006. 524 

Gerarden, Todd D., Richard G. Newell, and Robert N. Stavins. “Assessing the Energy-Efficiency 525 
Gap.” Journal of Economic Literature 55, no. 4 (December 2017): 1486–1525. 526 
https://doi.org/10.1257/jel.20161360. 527 

Granade, Hannah Choi, Jon Creyts, Anton Derkach, Philip Farese, Scott Nyquist, and Ken 528 
Ostrowski. “Unlocking Energy Efficiency in the U.S. Economy,” n.d., 165. 529 

Greenwell, Brandon, Bradley Boehmke, Jay Cunningham, and G. B. M. Developers. Gbm: 530 
Generalized Boosted Regression Models, 2019. https://CRAN.R-531 
project.org/package=gbm. 532 

Hirst, Eric, and Marilyn Brown. “Closing the Efficiency Gap: Barriers to the Efficient Use of 533 
Energy.” Resources, Conservation and Recycling 3, no. 4 (June 1, 1990): 267–81. 534 
https://doi.org/10.1016/0921-3449(90)90023-W. 535 

Hojjati, Behjat. Householder’s Perceptions of Insulation Adequacy and Drafts in the Home in 536 
2001, 2004. 537 

Jaffe, Adam B, and Robert N Stavins. “The Energy-Efficiency Gap.” Energy Policy 22, no. 10 538 
(1994): 7. 539 

Karatzoglou, Alexandros, Alex Smola, Kurt Hornik, and Achim Zeileis. “Kernlab – An S4 540 
Package for Kernel Methods in R.” Journal of Statistical Software 11, no. 9 (2004): 1–20. 541 

Liaw, Andy, and Matthew Wiener. “Classification and Regression by RandomForest.” R News 2, 542 
no. 3 (2002): 18–22. 543 

“Magic Powers: Customer Targeting with Machine Learning - 0194_0286_000378.Pdf.” 544 
Accessed May 1, 2019. https://aceee.org/files/proceedings/2018/node_modules/pdfjs-545 
dist-viewer-546 
min/build/minified/web/viewer.html?file=../../../../../assets/attachments/0194_0286_00037547 
8.pdf#search=%22dahlquist%22. 548 

Marasco, Daniel E., and Constantine E. Kontokosta. “Applications of Machine Learning 549 
Methods to Identifying and Predicting Building Retrofit Opportunities.” Energy and 550 
Buildings 128 (September 15, 2016): 431–41. 551 
https://doi.org/10.1016/j.enbuild.2016.06.092. 552 

Onat, Nuri Cihat, Gokhan Egilmez, and Omer Tatari. “Towards Greening the U.S. Residential 553 
Building Stock: A System Dynamics Approach.” Building and Environment 78 (August 554 
1, 2014): 68–80. https://doi.org/10.1016/j.buildenv.2014.03.030. 555 

Owens, Ann. “Building Inequality: Housing Segregation and Income Segregation.” Sociological 556 
Science 6 (2019): 497–525. https://doi.org/10.15195/v6.a19. 557 

Palmer, Karen L., Margaret Walls, and Lucy O’Keeffe. “Putting Information into Action: What 558 
Explains Follow-Up on Home Energy Audits?” SSRN Electronic Journal, 2015. 559 
https://doi.org/10.2139/ssrn.2630120. 560 

Palmer, Karen, and Margaret Walls. “Limited Attention and the Residential Energy Efficiency 561 
Gap.” American Economic Review 105, no. 5 (May 2015): 192–95. 562 
https://doi.org/10.1257/aer.p20151009. 563 



 

23 
 

Palmer, Karen, Margaret Walls, Hal Gordon, and Todd Gerarden. “Assessing the Energy-564 
Efficiency Information Gap: Results from a Survey of Home Energy Auditors.” Energy 565 
Efficiency 6, no. 2 (May 1, 2013): 271–92. https://doi.org/10.1007/s12053-012-9178-2. 566 

R Core Team. R: A Language and Environment for Statistical Computing. Vienna, Austria: R 567 
Foundation for Statistical Computing, 2019. https://www.R-project.org/. 568 

Riley, Patrick. “Three Pitfalls to Avoid in Machine Learning.” Nature 572, no. 7767 (August 569 
2019): 27–29. https://doi.org/10.1038/d41586-019-02307-y. 570 

Scheer, Adam M, Sam Borgeson, and Kali Rosendo. “Customer Targeting for Residential 571 
Energy Efficiency Programs: Enhancing Electricity Savings at the Meter,” n.d., 41. 572 

Shaban, Hassan, Haider Khan, and David Meisegeier. “Mining Energy Efficiency Program 573 
Data,” n.d., 11. 574 

Swan, Lukas G., and V. Ismet Ugursal. “Modeling of End-Use Energy Consumption in the 575 
Residential Sector: A Review of Modeling Techniques.” Renewable and Sustainable 576 
Energy Reviews 13, no. 8 (October 1, 2009): 1819–35. 577 
https://doi.org/10.1016/j.rser.2008.09.033. 578 

Tian, Chenlu, Chengdong Li, Guiqing Zhang, and Yisheng Lv. “Data Driven Parallel Prediction 579 
of Building Energy Consumption Using Generative Adversarial Nets.” Energy and 580 
Buildings 186 (March 1, 2019): 230–43. https://doi.org/10.1016/j.enbuild.2019.01.034. 581 

Tsanas, Athanasios, and Angeliki Xifara. “Accurate Quantitative Estimation of Energy 582 
Performance of Residential Buildings Using Statistical Machine Learning Tools.” Energy 583 
and Buildings 49 (June 1, 2012): 560–67. https://doi.org/10.1016/j.enbuild.2012.03.003. 584 

Venables, W. N., and B. D. Ripley. Modern Applied Statistics with S. Fourth. New York: 585 
Springer, 2002. http://www.stats.ox.ac.uk/pub/MASS4. 586 

Walker, J A, T N Rauh, and K Griffin. “A Review of the Residential Conservation Service 587 
Program,” n.d., 31. 588 

Wilson, C., L. Crane, and G. Chryssochoidis. “Why Do Homeowners Renovate Energy 589 
Efficiently? Contrasting Perspectives and Implications for Policy.” Energy Research & 590 
Social Science 7 (May 1, 2015): 12–22. https://doi.org/10.1016/j.erss.2015.03.002. 591 

Wilson, C., H. Pettifor, and G. Chryssochoidis. “Quantitative Modelling of Why and How 592 
Homeowners Decide to Renovate Energy Efficiently.” Applied Energy 212 (February 15, 593 
2018): 1333–44. https://doi.org/10.1016/j.apenergy.2017.11.099. 594 

Wing, Max Kuhn Contributions from Jed, Steve Weston, Andre Williams, Chris Keefer, Allan 595 
Engelhardt, Tony Cooper, Zachary Mayer, et al. Caret: Classification and Regression 596 
Training, 2019. https://CRAN.R-project.org/package=caret. 597 

Zhong, Hai, Jiajun Wang, Hongjie Jia, Yunfei Mu, and Shilei Lv. “Vector Field-Based Support 598 
Vector Regression for Building Energy Consumption Prediction.” Applied Energy 242 599 
(May 15, 2019): 403–14. https://doi.org/10.1016/j.apenergy.2019.03.078. 600 

 601 

 602 

 603 

 604 


	Target journal: Applied Energy
	Targeting home energy retrofit participants with machine learning algorithms: A case study from the Midwestern US
	Authors/affiliations
	Keywords:
	Recommended reviewers
	Abstract:
	Introduction:
	Methodology:
	The problem
	Approach
	Predictor variables
	Natural gas consumption
	Building attributes
	Household-level demographics
	Neighborhood-level demographics
	Geospatial attributes

	Data Preprocessing
	Model Training, Evaluation and Interpretation

	Results
	Model performance and predictions
	Explanatory variables

	Discussion and conclusion:
	Acknowledgements
	References:

