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This paper discusses volunteer bias in residential energy efficiency studies. We briefly evaluate the bias in
existing studies. We then show how volunteer bias can be corrected when not avoidable, using an on-line
study of intentions to enroll in an in-home display trial as an example. We found that the best predictor
of intentions to enroll was expected benefit from the in-home display. Constraints on participation, such
as time in the home and trust in scientists, were also associated with enrollment intentions. Using Brei-
man’s classification tree algorithm we found that the best model of intentions to enroll contained only
five variables: expected enjoyment of the program, presence in the home during morning hours, trust
(in friends and in scientists), and perceived ability to handle unexpected problems. These results suggest
that a short questionnaire, that takes at most 1 min to complete, would allow better control of volunteer
bias than a more extensive questionnaire. This paper should allow researchers who employ field studies
involving human behavior to be better equipped to address volunteer bias.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction The most significant barrier to the validity of these studies is
The past 6 years has seen rapid growth in legislation and re-
search on the ‘‘smart grid’’ in the United States. Title XIII of the
U.S. Energy Independence and Security Act of 2007 (U.S. Public
Law 110-140) and Title IV of the American Recovery and Reinvest-
ment Act of 2009 (U.S. Public Law 111-5) made resources available
for modernizing the electric power grid. A critical component of
these laws promotes better understanding and management of
electricity use among residential customers. US electric utilities
are conducting studies that test programs to achieve these goals,
including tariffs such as critical peak pricing, home automation
technologies such as smart thermostats, and feedback approaches
such as in-home displays. These studies are designed to rigorously
test these programs to ensure sound conclusions, even if that rigor
is costly.
volunteer bias, where a customer’s decision to be in the study
may be causally related to benefit in the study. This bias can occur
whenever someone offered the program refuses to participate, as
refusal may indicate that the person would not have benefited
from the program. As a result, using an all-volunteer sample is
likely to overestimate program benefits to the population from
which the sample was drawn.

Consider an extreme example that illustrates the problem. Sup-
pose that residential customers choose to participate in an energy
efficiency study based only on accurate knowledge about whether
they will benefit [1]. If this is true, the study sample will be com-
prised wholly of customers that will benefit, whereas no person
outside of the study would benefit. A failure to understand this
would lead researchers to incorrectly conclude that the program
would greatly benefit the general population when they would
actually not benefit at all. That is, volunteer bias is an especially se-
vere problem if researchers are unaware of the difference between
volunteers and non-volunteers, or if aware, unable to compensate
for it.

Recruiting a representative sample with little or no volunteer
bias is not easy. Some customers do not want to participate no
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matter how much they are incentivized or cajoled, and it is difficult
to determine their reasons for refusing. Unless these reasons are
identified and taken into account when estimating the benefit of
the program, inferences from the sample to population are not
warranted. Comparing the sample and population on some obser-
vable characteristics is not sufficient to reduce the problem [2], as
observed characteristics may not capture the causes of both volun-
teering and benefit in the program.

Despite this challenge, recruiting a representative sample is a
necessary condition for establishing the validity of an energy effi-
ciency study involving residential customers. It is a critical ‘‘part
of the science’’ of any research involving human behavior [3]. In
this paper we discuss the evidence on the causes of volunteer bias
in energy efficiency programs and present a method of accommo-
dating bias when, despite best efforts, it does occur [4]. Our ap-
proach is comprised of two parts. First, we develop a simple
questionnaire that can be used to predict who will volunteer in
an energy efficiency trial of in-home displays. We derive question-
naire items from previous research on volunteering [5] and evalu-
ate their psychometric properties [6–9]. Second, we develop
statistical models based on this questionnaire that accurately pre-
dict intentions to enroll in an in-home display trial. To test the
quality of these statistical models, we compare modern machine
learning algorithms against a simpler, often better, performing
alternative: the best predictor [10,11].
2. Prevalence of volunteer bias

In this section we review the history of volunteer bias in resi-
dential energy efficiency studies in North America, using in-home
displays as an example.1 Volunteer bias in these studies has pre-
dominantly occurred in two ways. In the first way, customers self-
select into the study and are then randomly assigned to different
treatment groups. This makes inferences from sample to population
uncertain because any factor that causes both volunteering and ben-
efit cannot be controlled.

As an example of the first type of volunteer bias, the BC Hydro
PowerCost Monitor time-of-use pilot used single family dwellings
in British Columbia with an opt-in design [13]. Those recruited
were more educated, had higher annual household income, were
more knowledgeable about electricity conservation, more active
in trying to save energy, more willing to change habits, and used
on average 1700 kW h less than other comparable homes in the
BC area. This study fits into the first volunteer bias category be-
cause random assignment to the treatment group (a PowerCost
Monitor) or control group (no PowerCost Monitor) occurred after
participants opted into the study. Because of volunteer bias, this
design does not allow one to extrapolate from the study sample
to the population. Both observed (e.g., household income) and
unobserved differences between the sample and the population
could make the study’s results not applicable to the population.
However, because random assignment occurred after volunteering
decisions were made, the study does allow valid comparisons be-
tween groups in the sample.

A second type of volunteer bias, where studies recruit the con-
trol and treatment groups differently, not only makes inferences
from sample to population invalid, but also invalidates any com-
parisons between groups within the sample. Because customers re-
cruited for the control and treatment groups may be different in
unknown ways, such studies cannot separate the effectiveness of
1 This does not merely apply to in-home display studies, but we focus on them here
to keep the discussion shorter. Davis et al. [12] provide additional references to
studies on dynamic pricing and home automation.
the treatment (e.g., the in-home display) from differences between
how samples were obtained.

Almost every trial of in-home displays succumbs to the second,
more severe, form of volunteer bias. For example, the Milton Hydro
Direct Energy Smart Home Energy Conservation Kit study recruited
participants using telephone, direct mail, and billing inserts [14].
Those eligible to receive an in-home display had to be at least
18 years old, must have lived in the home for at least one year,
did not plan to move, and expressed a willingness to complete
two surveys during the study. Eligible customers who expressed
interest and registered on-line were then contacted for an installa-
tion appointment based on the order they registered, resulting in
108 homes having an in-home display installed for free.

The control group was recruited differently, consisting of 23
volunteers from a pool of 300 recruited customers who had homes
that were judged to be of similar size and age to that in the treat-
ment group, who completed a survey for a $100 gift certificate, and
who lived in geographic clusters near the treatment group homes.
Any factor that differed in the recruitment approach, for example
the use of the gift certificate, could make the control group not
comparable to the treatment group. This pattern of recruiting those
in the treatment and control groups differently holds for almost
every other trial of in-home displays, including the Oberlin
TED5000 study [15], the Ontario Energy Board Hydro One pilot
[16], the Energy Trust of Oregon PowerCost Monitor study [17],
the Baltimore Gas and Electric Smart Energy Pricing Pilot with
the Energy Orb [18], the Omaha Public Power study [19], and the
Florida Power and Light Energy Detective study [20].

Not all studies of in-home displays, however, have been affected
by volunteer bias. The first exception, the Polk’s Landing study
[21], had displays installed in homes before customers bought
them, with no way for buyers to know which homes had the dis-
plays beforehand. The Southern California Edison study [22] used
an opt-out design with an opaque opt-out procedure, resulting in
no opt-outs. The Commonwealth Edison Energy Smart Pricing Pilot
with Pricelight study [23,24] and PG&E’s Smart-Rate Pilot [25] both
explicitly modeled volunteer bias using a propensity score model,
an approach that is discussed in Section 3. Lastly, studies of energy
efficiency program adoption by commercial entities, such as utili-
ties, have shown that volunteer bias is minimal [26].
3. Adjusting for volunteer bias

Even if one follows current best practices for recruitment [27–
29], some proportion of those who are offered the program will
not participate. Fortunately, if a statistical model can be created
that accurately predicts who volunteers and who does not, then
the risk of incorrect generalization from sample to population
can be minimized.

One simple approach is to use propensity score adjustment
[30,31], that explicitly models the probability of volunteering for
each person offered the program. While the justification for this
approach is technically sophisticated, the intuition behind it is sim-
ple: if one can accurately model the probability of each customer
volunteering for the program, then by adjusting for this probability
(or propensity), one can generalize from the sample to the
population.

The propensity score approach was used in both PG&E’s Smart-
Rate Pilot [25] and the Commonwealth Edison Energy Smart Pric-
ing Pilot [23,24]. The Commonwealth Edison propensity score
model, for example, included whether customers purchased new
major appliances, used a fan to reduce costs, lived in a single-fam-
ily detached home, were above 65 years old, and the number and
type of people living in the household. Using logistic regression,
they found that those who used fans to reduce costs, as well as



2 A similar study was conducted before this one, with similar, although not
identical, results. The data and statistical analyses for this study can be obtained from
here http://hdl.handle.net/1902.1/19154, labeled ‘‘Study One.’’

3 All materials can be found in Appendix A.
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those who had more people in the household, were significantly
less likely to enroll (t-values of 2 and 3 respectively in the model),
whereas those who lived in a single-family detached home were
more likely to participate (t = 2.4). This model correctly predicted
the enrollment decision of 71% of those included in the analysis,
but did not fare well on other measures of ability to discriminate
between volunteers and non-volunteers (e.g., a pseudo R2 of 0.20).

Although promising, the statistical approach to controlling vol-
unteer bias using propensity score adjustment must address three
unavoidable and seemingly intractable hurdles: (1) finding the
right predictors of volunteering, (2) correctly combining the right
predictors to accurately predict volunteering, and (3) extracting
the necessary data by getting non-volunteers to agree to complete
a survey. In the next three sections we outline our approach to
dealing with these three problems.

3.1. Predictor variables

The first challenge of building a propensity score model of vol-
unteering is knowing what predictors to include. The problem of
volunteer bias has been acknowledged across the social sciences,
and research on volunteering is more than 80 years old [32–34].
However, many studies discussing why people participate (both
in research studies and civic engagement) have been observational,
retrospective, and failed to include a range of variables broad en-
ough to adequately predict volunteering to the degree necessary
to adjust for bias.

Perhaps the best resource that exists on the topic is Rosenthal
and Rosnow’s now classic review [5]. They found that volunteering
for psychological research experiments was associated with demo-
graphic factors such as education, socioeconomic status (with
more highly educated and higher SES groups being more likely to
volunteer), and sex (women volunteer more often than men). Vol-
unteers were also more motivated to seek approval and more soci-
able than non-volunteers, indicating psychological factors also play
a role. Other evidence suggests that those who are proficient vol-
unteers are more likely to volunteer [35]. In the case of an in-home
display trial, for example, those who have previously volunteered
for energy initiatives or engaged in energy conservation behavior
may also volunteer to be part of an in-home display trial.

This research is limited, however, as it largely relies on under-
standing why university students decide to volunteer for psychol-
ogy experiments, a decision that is likely insensitive to contextual
factors that matter in real world recruitment. Those factors that are
linked to the specific offering, rather than fixed attributes of the
volunteer (e.g., demographics), may be as good or better predictors
of volunteering, even in psychological experiments.

One example of such a contextual factor is the appeal and rele-
vance of the specific initiative being presented. In one case, inpa-
tients in an alcoholism rehabilitation program who volunteered
for a trial on sexual behavior showed greater concerns about sexual
functioning and higher incidences of sexual problems than non-
volunteers in the same program [36]. Similarly, college students
who volunteer for research on sexual behavior tend to differ from
non-volunteers on sexual characteristics, such as sexual experience
and confidence, but do not differ on personality or demographic
variables [37–39].

3.2. Prediction method

Second, once a set of predictors is chosen, the best combination
of them must be discovered from a large number of possibilities.
Even with only one variable it is possible to construct an infinite
number of regression models (e.g., polynomials of n degree). The
traditional approach to estimating a propensity score model is to
use logistic regression [40], as was done in the Commonwealth
Edison Energy Smart Pricing Pilot [23,24] and PG&E’s Smart-Rate
Pilot [25]. This approach is severely limited, as the predictors must
combine linearly, interactions must be specified by hand, and the
set of variables must be selected by trial-and-error model compar-
ison. As a result, logistic regression usually misses relationships in
the data (e.g., non-linearities and interactions), and will often in-
clude too many variables, leading to overestimation of the model’s
predictive validity.

Modern machine learning approaches overcome these issues by
automatically selecting the variables and configurations of those
variables that best fit the data. To find a method that does this well,
we began by looking at the most successful multivariate machine
learning approaches [41]. However, for the data we collected, most
of these approaches performed poorly or at least worse than sim-
pler methods. Instead of summarizing the performance of all the
approaches, we limit our summary to what is most commonly used
for multivariate classification (logistic regression) and what we
found to be the best machine learning approach, the classification
tree [42].

Advances in statistical techniques are exciting, making it tempt-
ing to apply the newest tool to solve prediction problems. How-
ever, this excitement should be tempered by the finding that
simple (improper) statistical rules outperform human prediction
[43,44] as well as more complex models that estimate optimal
weights, such as multiple linear regression [45–47]. To evaluate
the validity of the logistic regression and classification tree, we
benchmark them against a simpler alternative, the Take the Best
heuristic [11], that only uses the best univariate predictor.

3.3. Recruiting non-volunteers

The third, and most important, reason why it is difficult to de-
velop a good model of volunteering is that it is hard to collect data
on non-volunteers. Developing and validating a predictive model
requires non-volunteers to respond to other measures, such as a
survey or phone interview. It is likely that those who do not want
to participate in the efficiency program also do not want to subse-
quently respond to a survey or interview. Thus, any model of vol-
unteering must rely either on data that is indirectly collected (e.g.,
public records), or from short, easily completed questionnaires that
are highly likely to be responded to. By comparing complex statis-
tical approaches with a simpler alternative, we achieve the latter
objective, creating the simplest questionnaire that provides the
highest predictive validity.

4. Study

We present a study that develops a simple questionnaire and
statistical model to address volunteer bias.2 The study presents par-
ticipants with an offer to participate in an in-home display trial
along with a questionnaire that includes different questions used
to predict their intentions to enroll. The content of the offer was
based on best practices described elsewhere [27].3

4.1. Methods

4.1.1. Participants
The participants were 279 US residential bill-payers recruited

on Amazon’s Mechanical Turk. Their average age was 31 years
old (range 18–75), 92 (42%) were women, and their self-reported
average monthly bill was $118 (range $12–$600).

http://hdl.handle.net/1902.1/19154
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4.1.2. Materials
Our first set of variables included standard demographics,

namely age, gender, employment status, education, annual house-
hold income, race, and political affiliation [48].

Next, we included questions about constraints or barriers to
enrollment in the trial [49]. First, potential participants must trust
the study sponsor, as expecting deception, manipulation, or harm
would undermine the perceived worth of the study [28]. To mea-
sure this, we asked about trust in the various sponsors of the hypo-
thetical study, including local and federal government, scientists,
and the utility company. To determine whether the trust was spe-
cific to the offering, or more general, we also asked questions about
trust in friends, family, and coworkers. Next, we reasoned that
those who trust the study sponsors must feel competent enough
to succeed in the trial and able to control their electricity consump-
tion. If one feels unable to use the in-home display or unable to
control electricity consumption, then participation in the trial
would be pointless. This possibility was examined using a small
set of items about self-efficacy, a construct that taps one’s per-
ceived ability to accomplish goals in the face of challenge [50].
The last barrier to participation we considered was whether partic-
ipants were in the home often enough to use the display. To assess
this we asked for the total hours they spent in the home during the
day and whether they were in the home for each of six 4-h time
periods.

In addition to demographics and constraints, we considered two
additional categories of variables that have been shown to predict
volunteering in other studies: motivations and topical interest. Vol-
unteering in civic programs (e.g., at a church) has been associated
with social integration, such as having close friends that one fre-
quently talks to [51]. A second motivation is a concern for saving
money, which we captured using a scale of frugality [52]. Electric-
ity use is a constant source of spending, and being able to monitor
and reduce wasteful expenses may be particularly attractive to
those who are frugal. Third, some customers may find trying new
things enjoyable, independent of expected financial benefit, so
we included a scale that measured the degree to which people en-
joy exploring new things [53].

In terms of topics, we expected the program to be construed in
one of three ways: (1) a study about environmental behaviors, (2) a
study about in-home displays, or (3) a study about eco-friendly
technologies more generally. Interest in the first topic was mea-
sured using the New Ecological Paradigm (NEP) [54], a widely used
measure of environmental attitudes. Interest in the second topic
was measured using a four-item scale of their attitudes and expec-
tations of the in-home display, such as whether they expected it to
help them save money [55]. General interest in environmentally
friendly technologies were measured using a separate ‘‘eco-tech-
nology’’ scale [56].

4.2. Results

The results are divided into three sections. In the first section
we present the psychometric properties of the questionnaire items
and their univariate associations with intentions to enroll. In the
second section we use two multivariate statistical methods, logis-
tic regression and the classification tree, to model intentions to en-
roll. In the last section, we compare these methods on measures of
in-sample and generalization error against a model that uses only
the single best predictor.

4.2.1. Psychometric analyses and univariate prediction
The psychometric analyses use Chronbach’s alpha [57] as a

measure of internal consistency (reliability), and Principal Compo-
nents Analysis as a measure of dimensional structure [58]. To cre-
ate a short questionnaire that non-volunteers would be inclined to
complete, we limit each scale to four questions, dropping items
with the lowest item-total correlations [9,6–8].

The scales had substantial internal consistency, ranging from an
a of 0.73–0.93. They also had a low dimensional structure, with the
first factor of the Principal Components Analysis for each scale
accounting for 48–78% of the scale variance. Despite this, the scales
were not better predictors of intentions to enroll than the items in
the scales. As a result, we focus on the individual items.

Intentions to enroll in the trial were unassociated with demo-
graphics. Table 1 shows univariate associations between the differ-
ent measures of constraints on participation and intentions to
enroll. Participants who reported being home in each time period
were more likely to state that they were willing to enroll in the
trial than those who were not around. This was confirmed by a
strong correlation between total hours spent in the home and
intentions to enroll. Measures of trust in the utility and scientists
were also positively associated with willingness to enroll in the
trial. Scientists were the most trusted of all the ‘institutions,’ higher
than local government (t = 8.1, p < 0.01) and federal government,
with the utility company being the least trusted. Scientists were
also trusted more than community and co-workers, but less than
family and friends. For the last constraint, self-efficacy, participants
who reported that they would not bother trying to figure out com-
plicated tasks stated that they were less willing to enroll in the
trial, indicating that feelings of difficulty and inability to use the
technology were an important element of the decision to enroll.

Table 2 shows the univariate associations between intentions to
enroll and the motivation items, including social integration, fru-
gality, and exploration. None of the social integration or frugality
items were statistically significant. In the former case, this may
indicate that the relationship between involvement in social
groups and civic engagement may apply to domains where a com-
munity can be developed around the volunteering activity, which
is not likely in an energy efficiency trial. In the latter case, individ-
ual concerns about saving money may not play much of a role in
the decision to volunteer in energy efficiency programs. On the
other hand, those who like to work problems and explore new sub-
jects were more willing to enroll.

Table 3 shows the three topical scales. As can be seen, the single
strongest predictor of intentions to enroll in the trial was interest
in the in-home display. The belief that plants and animals exist
to be used by humans was associated with unwillingness to enroll.
Interest in eco-friendly technology was not associated with inten-
tions to enroll.
4.3. Multivariate prediction of enrollment intentions

4.3.1. Logistic regression
The logistic multiple regression included all of the variables that

had statistically significant univariate associations with intentions
to enroll. It found that participants were more likely to indicate
that they would enroll in the in-home display trial when they ex-
pected to enjoy the in-home display (t(251) = 2.8, p = 0.01), ex-
pected to learn from the in-home display (t(251) = 2.3, p = 0.03),
trusted the utility company (t(251) = 1.9, p = 0.07), and were less
active in their community (t(251) = �1.7, p = 0.09). We repeated
the logistic regression using factor scores from the Principal Com-
ponents Analysis of each scale, rather than the individual items,
and found that the in-home display expectations factor was the
only significant predictor (t(256) = 4.7, p < 0.01). Although it may
be possible to add interactions and transformations of the variables
to improve the model in a trial-and-error fashion, this is likely to
overfit the data and yield spurious relationships [59,60]. Instead,
in the next section we use the classification tree algorithm to auto-
matically determine the best model.



Table 1
Univariate relationships between constraints on study participation and intentions to volunteer. Principal Components Analysis and reliability are presented for each scale.a

Item v2 (p) Mean SD

Time at home
6–10 am 10.44 (0.01) 0.63 0.48
10 am to 2 pm 3.92 (0.05) 0.41 0.49
2–6 pm 3.82 (0.05) 0.49 0.50
6–10 pm 3.12 (0.08) 0.86 0.35
10 pm to 2 am 2.92 (0.09) 0.88 0.33
2–6 am 2.05 (0.15) 0.88 0.32
Item s (Z) Mean SD

Aggregate time periods
Total hours 0.19 (3.47) 16.61 6.34
Morning hours (6 am to 2 pm) 0.18 (3.21) 4.16 3.34
Evening hours (6 pm to 2 am) 0.13 (2.22) 6.95 2.26
Item s (Z) Loading a

Trust
Your local government. 0.07 (1.20) 0.51
Scientists. 0.14 (2.57) 0.51
Your utility company. 0.15 (2.51) 0.53
Your co-workers. 0.07 (1.17) 0.45
Trust factor 0.14 (2.87) 53% 0.78

Self-efficacy
If something looks too complicated I will not even bother to try it. �0.14 (2.43) 0.49
I do not seem capable of dealing with most problems that come up in my life. �0.05 (0.89) 0.60
When unexpected problems occur I do not handle them very well. 0.02 (0.43) 0.58
When I make plans, I am certain I can make them work. 0.08 (1.36) 0.23
Self-efficacy factor 0.07 (1.37) 52% 0.74

Bolded numbers are statistically significant at the 0.10 a level.
a s is Kendall’s measure of rank correlation between the variable and intentions to volunteer, and Z is the associated Z statistic testing s against the null hypothesis of no

rank correlation. The v2 test and associated p-values test whether those in the home during that time period were equally likely to indicate that they would volunteer
compared to those not in the home. The factor loading for each item in the trust and self-efficacy scales is presented in the Loading column, and Cronbach’s a for the entire
scale is in the a column.

Table 2
Univariate correlations between items and scales related to motivations to enroll and intentions to volunteer.

Item s (Z) Loading a

Social Integration
How many close friends do you have? (meaning people that you feel at ease with, can talk to

about private matters, and can call on for help)
0.09 (1.71) 0.61

How many of these friends do you see or talk to at least once every 2 weeks? 0.05 (0.98) 0.61
How many times have you attended a party or other social gathering in the past 2 months? �0.01 (0.15) 0.50
Social integration factor 0.06 (1.13) 73% 0.81

Frugality
If you take good care of your possessions, you will definitely save money in the long run. 0.03 (0.47) 0.42
If you can re-use an item you already have, there’s no sense in buying something new. 0.03 (0.48) 0.47
There are things I resist buying today so I can save for tomorrow. �0.00 (0.03) 0.56
I am willing to wait on a purchase so that I can save money. 0.04 (0.75) 0.54
Frugality factor 0.02 (0.47) 58% 0.82

Exploration
I like to try to solve problems that present a mental challenge. 0.08 (1.44) 0.53
I like to work at a problem until I get it right. 0.13 (2.33) 0.49
I am always eager to know more about the universe we live in. 0.07 (1.20) 0.48
When I hear about a new subject I like to find out more about it. 0.14 (2.42) 0.50
Exploration factor 0.11 (2.21) 63% 0.92
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4.3.2. Classification tree
Fig. 1 shows the best tree discovered automatically using Brei-

man’s classification tree algorithm.4

Moving along the main right branch, it can be seen that 189 of
204 (93%) who expected to enjoy the IHD (P4 on a 5 point scale)
said they would volunteer. Looking at the left main branch, inten-
tions to enroll depended on whether the person was in the home in
4 A second classification tree was also used, excluding the in-home display
expectations. It was more complex, including 9 items, and more difficult to
understand. We omit it here.
the morning (between 6 am and 10 am). Seven of eleven (65%) who
said they trusted scientists (P2 on a 5 point scale), but were not in
the home in the morning, indicated that they would still enroll in
the study, whereas 17 of 20 (85%) who did not trust scientists indi-
cated they would refuse.

A surprising branch emerged for those who did expect to be
home in the morning. Seventeen of nineteen participants (89%)
who did not trust their friends a lot (<4 on a 4 point scale) indi-
cated they would enroll. If they did trust their friends a lot, then
6 of 7 (86%) were willing to enroll if they felt unable to handle
unexpected problems (P2 on a 5 point scale). If they felt able to



Table 3
Univariate correlations between items and scales related to interest in the study topic and intentions to volunteer.

Item s (Z) Loading a

New Ecological Paradigm (NEP)
Plants and animals exist primarily to be used by humans. �0.14 (2.46) 0.45
The balance of nature is very delicate and easily upset. 0.01 (0.25) 0.49
There are limits to growth beyond which our industrialized society cannot expand. 0.03 (0.58) 0.53
The earth is like a spaceship with only limited room and resources. 0.09 (1.59) 0.53
NEP factor 0.08 (1.53) 48% 0.73

In-Home Display (IHD) expectations
I would enjoy having an in-home display in my home. 0.38 (6.71) 0.48
An in-home display would help me save electricity each month. 0.33 (5.91) 0.51
An in-home display would help me save money each month. 0.34 (6.10) 0.53
I would learn from an in-home display. 0.36 (6.28) 0.48
IHD factor 0.35 (6.83) 78% 0.93

Eco-friendly technology
I understand the potential damage to the environment that some products can cause. �0.05 (0.96) 0.48
I have switched products for ecological reasons. 0.04 (0.64) 0.55
I have purchased a household appliance because it uses less electricity than other brands. 0.03 (0.61) 0.47
When I have a choice between two equal products, I always buy the one that is less harmful to other people and the environment. �0.09 (1.70) 0.50
Purchases factor 0.03 (0.55) 59% 0.78

Fig. 1. Enrollment Intentions Classification Tree. This figure shows the classification tree that best predicted enrollment intentions. The terminal nodes at the bottom of the
figure show barplots where the shaded region represents the proportion who intended to enroll. The sample size in each terminal node is shown above each barplot. The
cutpoints are shown along each branch.
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handle unexpected problems, 9 of 13 (69%) indicated they would
not enroll.
This surprising pattern may indicate that those who do not trust
their friends a lot and are home during the day feel that they are
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self-reliant and can thus manage their energy consumption while
they are in the home, thus making the in-home display a desirable
offering. On the other hand, those who trust their friends a lot but
feel less competent may rely on others to manage their energy con-
sumption, making the in-home display less useful to them.

4.4. Comparison of methods

This section compares the complex optimized approaches (lo-
gistic regression and classification tree), to a simpler one (the best
predictor), using estimates of both in-sample and generalization
error [61]. Table 4 shows the performance of the different classifi-
cation methods. As can be seen, the classification tree (Class Tree)
performed the best on every measure. This approach was able to
accurately classify 97% of those who intended to enroll, and 54%
of those who said they would not enroll. As expected, logistic
regression (Logistic) overfit the data, as indicated by the in-sample
error underestimating the generalization error by about 20%
according to both 10-fold cross-validation and the bootstrap. On
the other hand, the in-sample error rate for the classification tree
was slightly higher than 10-fold cross-validation, but lower than
the bootstrap, indicating overfitting was minimal. Strikingly, logis-
tic regression did not perform much better than the best predictor
(Take the Best) in terms of generalization error.

4.5. Discussion

Volunteer bias undermines the ability to generalize the results
of any study from the sample to the population. Previous energy
efficiency studies of in-home displays with residential customers
have had severe problems of volunteer bias. Although two previous
studies adjusted for volunteer bias using propensity score adjust-
ment, the models they used could be improved with a systematic
approach. This paper provides this approach in three steps: (1)
finding the right predictors, (2) combining them, and (3) using only
few predictors.

Our ability to choose the right predictors had varying success.
We divided predictors into four categories: Demographics, Con-
straints, Motivations, and Topical Interest. Demographics were
unsuccessful at predicting enrollment intentions. This is consistent
with prior research that suggests contextual factors of the program
being offered matter more than fixed factors of the volunteer, and
the high variability of demographics in predicting volunteering
[48]. This result suggests that equating volunteers and non-volun-
teers on fixed attributes, such as demographics, is not sufficient to
control for volunteer bias.

In contrast with demographics, constraints or barriers to partic-
ipation, as a category, predicted enrollment intentions well. If
people did not expect to be home during the day, especially from
Table 4
Comparison of logistic regression (Logistic) and the classification tree (Class Tree)
against the single best variable (Take the Best) in predicting intentions to enroll.a

Method In-sample error Generalization error

/ TPR TNR Error 10-fold CV Boot

Take the Best 0.33 0.97 0.25 0.16 0.12 0.17
Logistic 0.51 0.97 0.42 0.12 0.15 0.15
Class Tree 0.60 0.97 0.54 0.11 0.10 0.13

Bold numbers indicate the statistical method that performed the best for each
performance measure.

a / is the correlation between the method’s prediction and intentions to enroll.
TPR is the proportion of people who intended to enroll correctly identified. TNR is
the proportion of people who did not intend to enroll correctly identified. Error is
the proportion of enrollment intentions incorrectly classified. 10-Fold CV is the
estimated generalization error rate using 10-fold cross validation. Boot is the
bootstrap estimate of generalization error.
6am-10am, then they saw no point in volunteering for the trial,
indicating that the in-home display was seen as a device that they
would check in the morning before going to work. People who
distrusted scientists or the utility company, two of the three major
institutions involved in the trial (the other being the federal
government), also saw no point in enrolling. Because people
trusted scientists more than any of the other institutions, focusing
on the scientific purpose and validity of the study may be effective
to encourage enrollment. The last constraint was whether
participants felt they could use the device, or whether they saw
it as too complicated for them to handle. Those who reported
low self-efficacy, in terms of having difficulty solving complicated
problems, also reported that they did not want to enroll in the
study, indicating that the in-home display was seen as complicated
to use. Our results show that examining constraints or barriers to
participation in the study should be the first place to look when
trying to predict volunteering.

Motivations to participate, as stable psychological factors or
‘‘traits,’’ were not consistently related to intentions to enroll. Moti-
vations to care more about the environment, be more energy
friendly than others, and save money in general were not predic-
tive at all. Like demographics, each of these factors can be consid-
ered stable traits of the participant, indicating that stable
personality factors that are independent of the volunteering con-
text are unlikely to be useful predictors of volunteering. There
was some success, however, as those who enjoyed exploring new
things felt as though the in-home display could satisfy that curios-
ity. This desire to explore may be useful for recruiting participants
broadly, but could also be an anomaly of the motivations category,
as enough items were tested that one or two could be statistically
significant purely by chance.

Interest in the topic was also not a great category of predictors,
except for interest in the specific technology being offered, the in-
home display, which was the single greatest predictor of enroll-
ment intentions. Thus, beliefs about benefit, and interest in the
specific technology being offered, should be carefully measured
to account for volunteer bias. Interest in the environment or new
technologies were less predictive.

Addressing the second problem of prediction, the classification
tree and best predictor performed well on estimates of in-sample
error and generalization error. The success of the classification tree
over the logistic regression suggests that the variables we used did
not work independently to predict enrollment intentions, but in-
stead interacted with each other, and the classification tree was
able to automatically detect these interactions. This was particu-
larly valuable for the unintuitive interaction between being home
in the morning, trust in friends, and perceived inability to handle
unexpected problems. It is unlikely that these interactions would
have been specified in a logistic regression model based on a priori
theory or intuition, nor would they have been discovered by trial-
and-error.

The study also suggests that a survey consisting of only five
questions could fully implement the best statistical model dis-
covered by the classification tree. These five items were expecta-
tions of benefit from the in-home display, whether one would be
home in the morning, whether one trusts one’s friends, whether
one trusts those offering the technology, and whether one feels
competent enough to use the technology. A questionnaire with
these items would likely take less than 1 min to complete,
increasing the likelihood of non-responders returning the survey,
if approached correctly and adequately incentivized. Thus, long
burdensome questionnaires eliciting large amounts of psychode-
mographic information are unnecessary. While the five question
survey would perform very well, the study also indicated that
one would not perform much worse by having a single question
survey, using the most predictive item.
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This research is limited in that it only evaluates intentions to
enroll in a hypothetical, but not real, trial. Even though the data
did not come from an actual recruitment, the approach we used
is a valid guideline on how to develop a short set of questions that
can be administered to customers via an electricity bill, short
phone call, or mailing. Using this approach can minimize volunteer
bias problems, which are costly both financially and scientifically.
5. Conclusion

Volunteer bias is a significant challenge to the rigor of energy
efficiency studies involving residential customers. This paper pro-
posed and tested a three-step approach to address this challenge,
using a hypothetical in-home display trial as an example. The
goal of the first step is to select the right variables that can be
used to predict volunteering. We searched previous research on
volunteering, as well as literature on volunteering for energy effi-
ciency trials, and found that variables could fit into four catego-
ries: demographics, constraints, motivations, and topics. Our on-
line study found that expected benefit in the program was the
best single predictor of intentions to enroll in the trial, and con-
straints on participation, such was whether the person would be
in the home to use the technology, was the most promising cat-
egory. The second step used machine learning to discover the
most predictive combination of these variables. Using the classi-
fication tree algorithm, we discovered a model with five variables
that best predicted intentions to enroll: expected enjoyment in
the program, presence in the home during morning hours, trust
in friends, trust in scientists, and perceived ability to handle
the unexpected. This model included several unintuitive interac-
tions that would not have been discovered by using a more tra-
ditional approach, such as logistic regression. In the final step we
proposed using a simple questionnaire, requiring less than 1 min
to complete, to augment other variables that have previously suc-
ceeded in predicting enrollment in energy efficiency trials. By fol-
lowing these three steps, researchers who conduct studies of
energy efficiency programs with residential customers can effec-
tively address volunteer bias.
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Appendix A. Materials

All participants first read the following introduction:

In this survey, we would like you to evaluate a program we are
considering offering to residential electricity customers.
Please read the description on the next page carefully and judge
whether you would want to participate in this program or not, if
it were offered to you. Then, answer some questions about
yourself in the main survey. Thank you!.

They then read the recruitment offering:

To whom it may concern,
Scientists at Carnegie Mellon University need your help to
understand the best way to provide electricity information.
You have been chosen to receive a free in-home display. On the
display you can see your home electricity use for 1 year.
You will evaluate the display for 1 year. At the end of the year,
you can keep it if you like it or return it for a $25 gift certificate.
We will send you four short surveys (one every 3 months) over
the year asking how useful you find the display and about your
electricity use. If you choose to participate, you will receive the
display 3 weeks from now. There will be no cost to you and your
information and survey responses will be confidential, as is uni-
versity policy.
We would like you to complete the attached questionnaire,
even if you are unsure about participating. To thank you for
your help, we have included a $2 bill. You can keep this $2
whether or not you participate in the study.
To understand if this display could benefit every resident in the
area, it is very important that the people we choose to include
in the study agree to do so. This helps us make sure that we
have a representative set of participants, and is a critical part
of the science we do.
If you want good, representative research to be conducted,
please do participate.
If you would like to participate or to just ask questions, please
do one of the following:
Call us: 1-800-111-1111 Email us: electricityframestudy@
cmu.edu.
Return the enclosed questionnaire.
Return the enclosed postcard.
If we don’t hear from you in a week, we will give you a call. If
you don’t want to participate, please call us, email us, or return
the postcard checking the ‘no thanks’ box.
Thank you, Carnegie Mellon University Research Team.

The main dependent variable was their response to the follow-
ing question:

Would you enroll in this offering if it were available to you?
(Y/N).

Standard demographics such as age, gender, employment status
(full time, part time, unemployed, student, homemaker, retired),
education (less than high school, high school/GED, college, associ-
ate’s degree, 4 year degree, and professional degree), annual house-
hold income, race, and political affiliation. We also asked if they
were the primary billpayer, how many adults and children (under
age 18) lived in the home, how many hours they spent in the home
per day, and when they are usually in the home with six periods
(10 am to 2 pm, 2–6 pm, 6–10 pm, 10 pm to 2 am, 2–6 am,
6–10 am).

Next was a series of questions used to predict intentions to
volunteer.

Several social comparison questions were used:

http://hdl.handle.net/1902.1/19154
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To what extent do you disagree or agree with the following
statements? Compared to the average household in my city. . .

� My household has done more to reduce its electricity
consumption.
� My household cares more about the environment.
� My household recycles more consistently.
� My household is more active in the community.

The motivation questions were (strongly disagree to strongly
agree):

To what extent would the following messages encourage you to
join an electricity efficiency program?
� Increasing independent energy security for the US.
� Protecting the environment.
� Avoid wasting energy.
� Increasing personal control over energy use.

Next was the New Ecological Paradigm scale. They were asked:

To what extent do you disagree or agree with the following
statements (strongly disagree to strongly agree):
� Plants and animals exist primarily to be used by humans.
� The balance of nature is very delicate and easily upset.
� There are limits to growth beyond which our industrialized

society cannot expand.
� The earth is like a spaceship with only limited room and

resources.

Several new technology and eco-purchasing questions:

To what extent do you disagree or agree with the following
statements?
� I am always eager to be the first to buy a new technology.
� I understand the potential damage to the environment that

some products can cause. I do not purchase these products.
� I have switched products for ecological reasons.
� I have purchased a household appliance because it uses less

electricity than other brands.
� When I have a choice between two equal products, I always buy

the one that is less harmful to other people and the
environment.
� I only buy new products after the ones I have wear out or

become obsolete.

One question asked participants to specify how much they
trusted several different entities:

How much do you trust the following groups to look out for
you? (not at all, somewhat, moderately, a lot).
� The federal government.
� Your local government.
� Scientists.
� Your utility company.
� Your community.
� Your family.
� Your friends.
� Your co-workers.
The behavioral volunteering items:

In the past 12 months have you done any of the following?
� Bought Compact Fluorescent Lights (CFLs).
� Used an electricity tracking device (e.g., an in-home display).
� Bought one or more energy efficient appliances.
� Insulated my home.
� Got a flu shot.
� Recycled.
� Contributed to a retirement savings (e.g., 401 k).
� Used the public library.
� Enrolled in prize drawings.
� Donated time to a charity or non-profit organization.
� Donated money to a charity or non-profit organization.
� Bought a lottery ticket.
� Signed a petition.
� Attended a protest or demonstration.
� Voted in a local or national election.
� Attended a group meeting (e.g., Neighborhood Watch, parent-

teachers’ association, social clubs, recreational groups, profes-
sional organizations, etc.).

They were then asked several questions about their awareness
of technology:

Do you currently have a smart meter in your home (Yes/No/
Don’t know).
Have you heard of in-home electricity displays before this sur-
vey? (Yes/No/Don’t know).
To what extent do you agree or disagree with the following
statement? (strongly disagree to strongly agree).
1. An in-home display would help me save electricity each month.
2. An in-home display would help me save money each month.
3. I would enjoy having an in-home display in my home.
4. I would learn a lot from an in-home display.

The next questions were on self-efficacy:

To what extent do the following statements describe you? (not
at all true, slightly true, somewhat true, very true, extremely
true).
� If something looks too complicated I will not even bother to try
it.
� When I decide to do something, I go right to work on it.
� I do not seem capable of dealing with most problems that come

up in my life.
� When unexpected problems occur I don’t handle them very

well.
� When I make plans, I am certain I can make them work.

There were then several questions on curiosity and exploration:

To what extent do the following statements describe you? (not
at all true, slightly true, somewhat true, very true, extremely
true).
� I like to read books by writers I’ve not come across before.
� I like to try to solve problems that present a mental challenge.
� I like to work at a problem until I get it right.
� I like to look up new words in a dictionary.
� I am always eager to know more about the universe we live in.
� When I hear about a new subject I like to find out more about it.
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The next set of questions pertained to frugality:

To what extent do you agree or disagree with the following
statements?
� If you take good care of your possessions, you will definitely
save money in the long run.
� There are many things that are normally thrown away that are

still quite useful.
� Making better use of my resources makes me feel good.
� If you can re-use an item you already have, there’s no sense in

buying something new.
� I believe in being careful in how I spend my money.
� I discipline myself to get the most from my money.
� I am willing to wait on a purchase so that I can save money.
� There are things I resist buying today so I can save for

tomorrow.

There was a final question about social integration:

Last of all, the following questions ask about how many people
you see or talk to on a regular basis. (1, 2, 3, 4, 5, 6, 7 or more).
� How many close friends do you have? (meaning people that you
feel at ease with, can talk to about private matters, and can call
on for help).
� How many of these friends do you see or talk to at least once

every 2 weeks?
� How many times have you attended a party or other social

gathering in the past 2 months?
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