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Abstract
Energy efficiency is often cited as a critical component of mitigation pathways that avoid the worst effects 
of climate change but suffers from chronic underinvestment. This paper evaluates the efficacy of a range of 
voluntary approaches—monetary incentives, information and behavioral interventions—on the willingness 
of households to pay for energy efficient appliances, the market share of efficient appliances, and the 
subsequent savings in energy consumption to understand which interventions work, under what conditions, 
and why. We find that information provision, labeling, rebates and subsidies increase willingness to pay 
for efficient appliances moderately, while loans are ineffective. The effects of such interventions on market 
shares and associated rebound effects on energy consumption of purchase of energy-efficient appliances 
remain unclear given the limited evidence. Closing this should be a priority to facilitate better understanding 
of the role of such interventions in climate and energy policy. Real-world effects are also likely to be smaller 
than those reported due to study design limitations and potential reporting biases. Overall, the existing 
evidence does not strongly support the effectiveness of these interventions in achieving large-scale energy 
efficiency improvements required for decarbonization.
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Introduction 
Energy efficiency is often cited as a critical component of mitigation pathways to keep global warming 
to well-below 2 or even 1.5 degrees [1], [2], [3], [4]. In fact, lower levels of energy consumption are a 
key feature of scenarios that tend to perform better in achieving other SDGs and limit transitional risks 
[5], [6]. For example, the International Energy Agency’s Net Zero Roadmap for 2050 requires doubling 
the annual global primary energy intensity improvement rate from just over 2% in 2022, to slightly above 
4% until 2030. At least a third of the improvements required to reach this key figure is expected to come 
from improvements to technical efficiency [7]. In addition to structural changes to buildings and the 
adoption of electric vehicles, the IEA’s scenario highlights the use of more efficient appliances such as 
refrigerators and air conditioners as a key action.  

While energy efficiency is widely regarded as a least cost mitigation option, investments in efficiency 
are plagued by the “energy efficiency gap” [8]: many households and firms do not sufficiently invest in 
energy efficiency even though such investments promise substantial (monetary) benefits (see Gerarden 
et al., 2017 [9] for a review). The reasons underlying the energy efficiency gap are diverse, such as a 
potentially long-time horizon until such investments pay off, risk aversion, hassle costs, information 
asymmetries, or the lack of adequate pricing of externalities. Unsurprisingly, many governments adopt 
a diverse set of policies aimed at increasing the willingness to invest in energy efficiency including 
monetary incentives, informational strategies (e.g., information provision, label, audits) and behavioral 
interventions (e.g., choice architecture, feedback) [8], as such policies hold the potential of 
simultaneously achieving private and public benefits.  

Understanding which of these different policy interventions work, under what conditions, and why is 
critical for climate and energy policy design as well as advancing research and the underlying evidence 
base in the field [10]. This requires assessing the available science and providing the best evidence to 
decision-makers – evidence that is rigorous, transparent, timely and fit-for-purpose [11]. Evidence 
synthesis methods such as systematic reviews and meta-analyses have been designed for the job by 
minimizing the different sources of bias common in traditional literature reviews [12]. 

There have been relatively few attempts to assess the evidence in the existing scientific literature 
around the energy efficiency gap and the potential of different interventions to address it. Traditional 
literature reviews in economics have described the economics of energy efficiency and used results 
from selected studies to estimate the size of the energy efficiency gap [13], [14], [15]. A range of 
systematic reviews and meta-analyses have evaluated the role of monetary and non-monetary 
interventions for fostering energy conservation or pro-environment behavior [16], [17], [18], [19], [20].  
Andor and Fels, 2018 [21] qualitatively reviewed studies that evaluated the effect of labels on 
willingness to pay for energy efficient appliances, energy saving potential, and hypothetical purchase 
decisions regarding energy efficient appliances or actual energy consumption. Nisa et al., 2019 [22] 
conducted a meta-analysis of the impact of behavioral interventions such as appeals and nudges on 
various energy-related outcomes, with only four studies on the outcome of energy efficiency adoption. 
Other reviews have focused on the effect of choice architecture on a range of behaviors [23]. With 
existing literature focusing primarily on actions with short-term consequences, implications of 
behavioral interventions for fostering  decisions with long-term outlook like energy efficiency 
investments are not very well understood [8]. 

Here, we provide a comprehensive, rigorous, machine-learning enhanced systematic review and meta-
analysis on the impact of interventions in uptake and use of energy efficient appliances. No previous 
reviews have focused specifically on appliances even though air-conditioners, refrigerators and freezers, 
lighting, water heaters, ovens, and washing machines account for up to 55% and 65% of the residential 
electricity consumption in the European Union [24] and in the US [25] respectively. Governments 
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allocate substantial financial resources, besides organizational capacity and time, towards promoting 
high efficiency home appliances and equipment in households. For example, the Inflation Reduction Act 
in the US alone has set aside USD 4.5 billion in funding for this[26]. Across the world, governments have 
allocated USD 264 billion since 2020 towards energy efficient buildings, appliances and net-zero 
buildings[27]. Incentivizing sales of efficient appliances has been a focus area and has led to 
considerable experimentation with intervention designs. The knowledge accumulated from such 
experiments and implemented policies can help to gain a deeper understanding of household 
investments in energy efficiency, which can also be applied to other areas of residential energy demand 
beyond appliances.  

The academic literature is divided into three strands: studies that evaluate the impact of behavioral, 
information and economic interventions on willingness to pay for efficient appliances, impact of these 
interventions on overall sales share of such appliances, and the energy savings following the purchase 
of efficient appliances. We systematically review this literature together, using a mix of quantitative 
meta-analysis and narrative review, to create a comprehensive understanding of the field. The results 
of our meta-analysis indicate that, on average, interventions targeting individual purchase decisions 
have a moderate treatment effect of 0.06 to 0.14, depending on the respective intervention. But the 
analysis of heterogeneity in reported effects using novel Bayesian Model Averaging methods suggests 
that the effect in the real world is likely to be smaller as studies with self-reported behavior and stated 
preferences exaggerate the impact of interventions. Studies that consider the impact of interventions 
on observed market share of efficient appliances report very heterogeneous effects. Lastly, studies that 
measure households’ energy use post adoption of efficient appliances suggest reduction in energy 
consumption by 2%-12% but three studies that consider endogeneity in household behavior report an 
actual increase in consumption. Overall, these findings together suggest that information, monetary 
and behavioral interventions are only partially able to motivate the purchase of more efficient 
household appliances and can only be seen as one component of a broader policy mix aimed at 
achieving more ambitious energy efficiency and climate change targets. 

A diverse and clustered evidence base 
This review follows state-of-the-art systematic review guidelines and open-synthesis principles [28], [29] 
(see Methods and the pre-registered review protocol[30]) to answer the following review questions: 
are the interventions targeting the adoption of efficient appliances by households generally effective? 
Which category of interventions is most effective? How does energy consumption change after 
adoption of efficient appliances through such interventions? The interventions used in the studies were 
classified into information & education (information provision, label, audits); behavioral interventions 
(choice architecture, feedback); and monetary incentives (tax credits, rebates, subsidies) following 
previous studies in energy use among households [16], [17], [18] (Figure 1). This classification has been 
adopted across a series of reviews and meta-analyses that form an “ecosystem of reviews” that evaluate 
interventions in households’ consumption choices in food, transport and buildings (see Supplementary 
Note 1 for papers included in the “ecosystem”).  
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Figure 1: Overview of the primary studies classified by the key dependent variable, appliance and intervention. 
Figure in parentheses is the corresponding number of effect sizes.  

 

We searched for relevant studies in the five major bibliographic databases (Web of Science, Scopus, 
JSTOR, RePec and Google Scholar) returning over 30,000 unique records after deduplication. We then 
applied a machine-learning-enabled prioritized screening approach[31], [32] to search for relevant 
experimental and quasi-experimental studies (see Methods) that is able to find considerably more 
relevant evidence than conventional systematic as well as traditional reviews[16]. Overall, we identified 
and coded a total of 58 relevant studies after full-text screening and extracted 278 effect sizes from 
them, corresponding to an average of about five effects per study.  

No previous reviews have focused specifically on appliance purchase and related energy savings, apart 
from Nisa et al. 2019 [22] which included four studies on this outcome variable (Supplementary Table 
3). The identified studies differ in three important dimensions: the dependent variable studied, the 
intervention used, and the appliance considered. As shown in Table 1, 44 studies examine a household’s 
or an individual’s decision to purchase energy efficient appliances, while only five look at the aggregate 
effects on the market or sales share of efficient appliances. Nine studies report on the energy 
consumption of households after purchase of efficient appliances following such interventions. 
Evidence is also scattered unevenly across interventions. Though studies often use a combination of 
interventions, the most widely used intervention in the literature is labeling followed by other 
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information strategies and monetary incentives. Refrigerators are the most frequently studied appliance 
in our sample, along with other high energy use appliances like water heaters and air conditioners. 
Clothes dryers, dishwashers, and TVs noticeably remain under-investigated, and some evidence is 
available on newer appliances like heat pumps. Our approach to reviewing the evidence across the three 
outcomes was informed by the number of studies that we identified. We conducted a quantitative 
meta-analysis of the studies on purchase decisions given the relatively large sample size and a narrative 
review of the small sample of market-share and energy-use studies.         

Table 1: Overview of the primary studies classified by the key dependent variable, appliance, and intervention. 
Figure in parentheses is the corresponding number of effect sizes; it is sorted according to the number of effects 
sizes for each dependent variable.  

 
Probability of purchase, 
Willingness-to-pay 

Market share/ aggregate 
effects  

Energy use 

Total 44 studies (215) 5 studies (27) 9 studies (36) 

Approach to synthesis Meta-analysis Descriptive review Descriptive review 
Interventions Label (77) 

Information (68) 
Rebate (31) 
Subsidy (27) 
Loan (12) 

Rebate (15) 
Label (12) 

Label (12) 
Rebate (11) 
Standards (7) 
Subsidy (4) 
Information (2) 

Appliances Refrigerator (61) 
Water Heater (43) 
Air-Conditioner (35)  
Lighting (23) 
Heat Pump (18) 
Washing Machine (13)  
TV (12)   
Clothes Dryer (6)     
Dishwasher (4)      

Refrigerator (16) 
Washing Machine (4) 
Dishwasher (4) 
Air-Conditioner (3)  

Air-Conditioner (21) 
Heat Pump (5) 
Lighting (4) 
Dishwasher (2) 
Refrigerator (2) 
TV (2) 

The sample of studies included in the quantitative analysis represents research on a total of 162,892 
households/individuals and it encompasses experiments and programs in 25 countries. The summary 
statistics for the dataset included in the meta-analysis are presented in Supplementary Table 5. The 
earliest studies date back to the early 1980s, but around half of the sample is from studies conducted 
after 2016. Studies are spread around the globe: about 34% of the effect sizes come from studies in 
Asia, 30% from continental Europe and UK, 24% from North America, and the remaining 12% from 
Africa, Oceania and cross-country studies. Our focus on studies published in English only is an important 
limitation of this review. Included studies rely on multiple statistical techniques, with variations of logit 
being the most common, and multiple study designs, where about half of the observations come from 
quasi-experimental studies, a third come from randomized control trials, and the rest from pre- and 
post-studies. An important aspect of the study design is whether the results are based on revealed 
behavior of households and individuals, for example the actual purchase of an appliance, or whether 
the study asks the participants to self-report actions that they took, or if the study only reports the 
stated preference of the participants. About half the observations in our sample are based on stated 
preferences, 32% on revealed preferences and the remaining 20% on self-reported behavior. Reliance 
on stated preferences is a limitation of the literature, and we investigate its consequences in our 
analysis.  
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Results 

Impact of interventions on purchase decisions 

Quantitative synthesis of effect sizes 
Forty-four primary studies in our sample investigate the probability of purchasing, or willingness-to-pay 
for, an efficient appliance over standard appliances, with the exact specification varying across studies. 
We first standardized the effects by converting the estimates reported for each study to Fisher’s Z and 
then used meta-analysis models to calculate the average effect across studies and the causes for 
heterogeneity in results across studies (see Methods). We apply a multi-level random effects model that 
allows us to deal with dependent effect sizes within and between studies flexibly.  

We find an overall moderately sized, average treatment effect size of 0.10 [95% CI = (0.06; 0.14)] across 
interventions. The average effect sizes for information-based interventions (0.07 [95% CI = (0.01; 0.12)] 
for information and 0.12 [95% CI = (0.07; 0.17)] for labeling) are broadly comparable to monetary 
incentives (0.07 [95% CI = (0.00; 0.14)] for rebates and 0.11 [95% CI = (0.03; 0.19)] for subsidies) with 
overlapping confidence intervals (Figure 2). Loan is the only intervention category for which the average 
effect size is negative and not statistically significant. Only three studies provide estimates for this 
category and all report no significant effect of loan on stimulating purchase of efficient appliances (ref. 
Revelt & Train (1998), Train & Atherton (1995), Liu & Jin (2019)). The confidence intervals are in general 
larger for rebates and subsidies, due to the lower number of effect sizes compared to information-based 
interventions and a greater variation in results with several studies reporting negative treatment effects. 
The average treatment effects were estimated after controlling for small-study bias and potential 
outliers (see Methods). Not adjusting for publication bias and outliers does not alter the results in a 
substantive manner, except that the average effect sizes are larger for all categories of interventions 
and the average effects for rebates and subsidies have larger confidence intervals (see Supplementary 
Table 6).  

Previous meta-analyses on the impact of interventions on other areas of household energy consumption 
have reported similar average effects but higher effects for monetary incentives as compared to 
behavioral and informational strategies[16], [17] but we do not find any statistical or substantive 
differences between these types of interventions here. A Wald test is not able to reject the null 
hypothesis that the effects are equivalent. On the one hand, it could be that this difference is 
attributable to the different contexts of these reviews. For example, in the energy sector, specific price-
based approaches such as time-of-use and critical peak pricing can be used, which could potentially be 
more effective than the rewards, rebates and other monetary incentives that have been studied in the 
context of household appliance purchasing decisions.  

Amongst the appliance categories, refrigerators, lighting and washing machines have the strongest 
treatment effects that are also statistically significant (Figure 2). The average effect size for other high 
electricity consumption appliances, namely water heaters, heat pumps and air-conditioners, are weak 
and not statistically significant after controlling for small-study bias. The differences across appliance 
categories, irrespective of energy intensity or cost of the appliance, are however not substantive and 
not statistically significant.  
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Figure 2: Average effect size along with the 95% confidence interval across interventions and appliances.                                    
Z > 0 implies an increase in WTP or probability of purchase. The results are from a multilevel meta-regression model 
that accounts for publication bias and influential observations. 

(a) Average effect size across intervention categories 

 
 

(b) Average effect size across different categories of appliances studies 

 
 

Heterogeneity 
There is considerable unexplained heterogeneity in effect sizes that we extract from primary studies            
(I2 = 97-98% for random effects model with intervention/appliance as moderator variable). Estimates of 
the effect size may vary because of variables that affect the willingness to pay for appliances, e.g. type 
of intervention and appliance, location of the experiment, type of participant (homeowners vs. tenants), 
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etc. or variables that represent the design elements or biases contained in primary studies (e.g., setting 
of the experiment, statistical techniques used for analysis, reporting biases, etc.) and included those 
also in the meta-analysis. We employed the state-of-the-art hybrid-frequentist Bayesian approach to 
identify the most important variables that could explain the heterogeneity in results out of a set of 16 
potentially relevant variables and their 216 possible combinations. We employ variable selection based 
on Bayesian Model averaging (specifically, the variables with posterior inclusion probability above 50% 
are selected; see Methods) and then use these identified variables in a frequentist model with clustered 
standard errors to estimate the effect of variables on variation in effect sizes (results in Table 2). 

The heterogeneity analysis confirms that there is no statistical difference between the average effect of 
interventions except “Loans” that have lower effect. There is some variation in the impact of these 
interventions by the appliance type: refrigerator and lighting have the highest effects even after 
controlling for other parameters. Interestingly, we find that homeowners are more likely to purchase 
energy efficient appliances as compared to only “residents” (Table 2). None of the other variables that 
could drive heterogeneity in results including location, energy prices, demographics of the household, 
environmental attitudes, or the year of publication were identified as being statistically significant.  

We find that the design elements of original studies are statistically significant in explaining differences 
in outcomes reported. Studies that measured the impact of the interventions in terms of changes in 
self-reported behaviors or stated preferences of the subjects of the study reported higher impact as 
compared to studies that measured the change in actual purchase behavior in response to the 
interventions. The differences resulting from studies that employ the different incentive-compatibility 
designs are statistically significant (Table 2). This result is expected for two primary reasons. First, 
customers might have a tendency to say that they would purchase a high-efficiency appliance more 
readily than they actually do. Second, any time or effort that the customer must expend to receive a 
rebate is not reflected in the stated- preference data[33].  

Critical appraisal of primary studies 
We also carried out critical appraisal of the evidence by: (1) a qualitative assessment of the studies for 
reporting and sampling biases, and (2) assessment of publication bias and test whether study quality 
has a relationship with heterogeneity in the reported treatment effects.  

Table 2:  Results from meta-regression based on moderator variables identified through Bayesian Model Averaging.   

Variable Beta coefficient Standard Error p-value 

Participant type (Base: Residents)    

Homeowners    0.09*     0.05     0.10  

Unspecified    0.18***     0.06     0.00  

Intervention type (Base: Information)    

   Label - 0.00     0.06     0.93  

   Loan - 0.09     0.06     0.14  

   Rebate  0.13     0.09     0.17  

   Subsidy    0.08     0.07     0.25  

Appliance (Base: Refrigerator)    

 Clothes Dryer - 0.18*     0.11     0.10  

 Dishwasher    - 0.11     0.06     0.11  

 Heat Pump - 0.27***     0.08     0.00  
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Variable Beta coefficient Standard Error p-value 

 Lighting    0.03**     0.06     0.59  

 Air-Conditioner    -0.14**     0.07     0.04  

 TV - 0.25**     0.08     0.00  

 Washing Machine    - 0.07     0.08     0.35  

 Water Heater  - 0.12**     0.06     0.04  

Incentive compatibility (base: Actual behavior)    

Self-reported Behavior    0.09     0.07     0.24  

Stated preferences    0.19*     0.11     0.10  

Risk of Bias (Base: Probably No)    

Reporting Bias: “Probably Yes”    0.10**     0.05     0.05  

Out of Sample Bias: “Probably Yes”    0.02     0.04     0.62  

Square of Standard Error of Z    2.53***     0.30     0.00  

Note: The dependent variable is the standardized Fisher’s Z calculated for each effect size reported by studies.                  
Z > 0 indicates a higher willingness to pay for energy efficient appliances. The model estimated is an Ordinary Least 
Squares with clustered standard errors (see Methods for details). ***p <= 0.01; **p <= 0.05; *p <= 0.10.  

We test the presence of publication bias and estimate the ‘true’ average effect size adjusted for 
publication bias using a graphical analysis (funnel plot) and statistical tests in the form of Egger’s 
regression (see Supplementary Note 2 for details). We confirm the presence of publication bias in the 
literature, with more studies than expected reporting a positive effect. Adjusting the estimates of the 
average treatment effect for publication bias, the “true” mean effect is estimated to be 0.10 which is 
slightly lower than the unadjusted mean effect of 0.11 for all interventions taken together reported in 
Figure 2. These results are also confirmed by the heterogeneity analysis: the square of standard error 
of Z is statistically significant even after controlling for other possible sources of heterogeneity. We, 
therefore, account for publication bias in all the estimates provided in the main text, including those in 
the previous sub-sections.   

Impact of interventions on market share of efficient appliances 
Beyond the literature on purchase probability and willingness to pay, five studies also investigate the 
impact of information and economic interventions from different energy conservation programs on the 
overall market share of efficient appliances in the US and Europe using econometric analysis. These 
studies provide valuable insight into the impact of real-world policies that scale up interventions in an 
effort to promote energy efficiency. Two studies focus on the ENERGY STAR program that was 
introduced in 1992 by the United States Environmental Protection Agency (EPA) as a voluntary labeling 
program designed to promote the use of energy-efficient products and thus help to reduce the 
emissions of greenhouse gases. Federal and local governments and utility companies across the US 
promote the adoption of ENERGY STAR-labeled products by offering financial incentives, usually in the 
form of mail-in rebates. Dutta and Filippini[34] estimate that the rebates increase the sales share of 
ENERGY STAR appliances between 9%-18% based on average market share. The results are higher than 
the findings in Datta and Gulati[35] who find that, on average, rebates increase the sales of ENERGY 
STAR washing machines by 6% but do not have statistically significant impact on sales share of 
dishwashers and refrigerators. Dutta and Filippini use an instrument variable approach to account for 
the endogeneity of the rebate policy itself, so the results may be considered more robust than Dutta 
and Gulati.  
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Houde and Aldy[36] evaluate another program in the US—the State Energy Efficient Appliance Rebate 
Program (SEEARP)—under which rebates are given to consumers for purchasing residential appliances 
that met or exceeded the ENERGY STAR certification requirement. They evaluate the impact of the 
rebate program on sales of efficient star rated refrigerators, dishwashers and washing machines and 
the subsequent reduction in household energy consumption. They find that rebate programs increased 
efficient appliance sales by 7%-10% during rebate period, which translates into a market share increase 
of energy star appliances of 1-2 percentage points. But they find that about 70% of the consumers who 
claimed the rebate would have bought the efficient appliance anyway, so rebates did not have a strong 
impact on attracting new consumers. An additional 15%-20% of consumers changed the timing of their 
purchase of an efficient appliance by a few weeks.  
 
Schleich, Durand and Brugger[37] investigate the effectiveness of minimum energy performance 
standards (MEPS) and energy labels, which member states of the EU and several other countries rely 
on. While MEPS eliminate the worst performing products from the market, labeling schemes help 
consumers to make more informed choices. MEPS and energy labels are therefore considered pillars of 
the EU’s strategy to achieve its energy efficiency and climate policy targets and studies that model 
energy demand pathways consider substantial reductions of 40%-60% in energy demand of 
appliances[38]. They find that MEPS and the energy labels together increased the sales share of cold 
appliances with an energy label of A+ and better by about 15-38 percentage points. However, they are 
unable to disentangle the contribution of the standards and energy labels. They also attempt to estimate 
the increase in market share of efficient appliances that would have taken place without any policy 
intervention, for example because of technological progress or societal trends. They estimate these 
autonomous effects to range between 5-10 percentage points per year for the change in market shares, 
which would imply significant overestimation of the effects of policy interventions. This result could be 
suggestive for more substantial effects when the various interventions studied here are combined with 
other regulatory instruments, but we caution not to jump to conclusions due to study limitations and a 
lack of additional evidence. As such, this could be an important area for future research that could be 
key to understanding the potential of behavioral interventions in their specific institutional and 
regulatory context. 
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Figure 3: Forest plot of studies with the dependent variable as change in sales share of efficient appliances. 

  

Changes in energy consumption after purchase of efficient appliances 
Increasing the sale of energy efficient appliances is only a means to an end. Energy-efficient appliance 
adoption needs to translate into actual reductions in energy consumption to reduce energy related 
household carbon emissions. Literature on achieved reductions in energy consumption is therefore a 
second complementary strand of research. Theoretical and empirical  literature[8], [39] has highlighted 
the possibility of so-called (direct) rebound effects, i.e., efficiency gains reduce the effective price seen 
by users by increasing the energy services provided by a unit of energy, so they tend to increase physical 
energy use above what simple engineering calculations would predict. If the rebound effect is strong 
enough, it could “backfire” and increase, rather than decrease, energy consumption. We identified nine 
studies that evaluate the energy use of households after replacement of standard appliances with 
efficient appliances. These studies employ a diverse set of methodologies and data (see Supplementary 
Table 4) and include both high income countries (US, Japan) and low-middle income countries (China, 
Mexico, Pakistan).  

Despite some differences in effect magnitude, all studies report some level of direct rebound effect 
associated with the use of newly purchased energy-efficient appliances. Hence, the available evidence 
strongly suggests that savings in energy consumption are likely to be lower than engineering estimates 
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that do not account for behavioral change. The net savings in energy consumption, inclusive of the 
rebound effect, are between 8-10% in response to information interventions when combined with 
mandatory technology upgrades. Mizobuchi and Takeuchi[40] compare the changes in energy 
consumption of households that owned an efficient vs. inefficient air conditioner in response to an 
awareness campaign encouraging households to reduce their consumption. They find that households 
that owned an efficient air conditioner reduced their consumption by about 9% though the effect was 
statistically significant only for households that had recently purchased an air conditioner rather than 
replacing the existing air conditioner with a more efficient one. Furthermore, when information 
intervention is applied alone, as in case of Sun[41] the intervention resulted in no statistical reduction 
in energy consumption. 

Studies further report that monetary incentives usually increase the purchase of efficient appliances, 
but they lead to larger rebound effects - possibly even backfire effects - in developing countries. Alberini, 
Gans, Towe[42] find that while households achieve an overall decrease in energy consumption through 
mandatory efficiency standards coupled with monetary incentives, an increase in monetary incentives 
corresponds to a smaller reduction in electricity use. The authors hypothesize that this is because the 
incentives reduce the lifetime cost per unit of energy services to a point sufficient to trigger a large 
increase in the demand for these energy services. Additionally, rebates allow households to upsize and 
defray the cost of bigger units, or of units that end up being used more. Houde and Aldy[36] find that 
State Energy Efficient Appliance Rebate Program (SEEARP) in the US did not translate into any 
meaningful reduction in energy consumption as rebates led consumers to upgrade to appliances with 
more features but that are less efficient. These findings support that of Davis, Fuchs, Gertler[43] who 
use a large dataset and comprehensively investigate the effect of financial incentives for adoption of 
efficient air-conditioners in Mexico. They find that households that use these incentives to buy new air 
conditioners are likely to have increased their consumption because of upsizing and increase in usage 
of air conditioning during the summer months by a relatively modest 20%. The authors hypothesize that 
rebound effects are expected to be larger in developing countries, where the demand for energy 
services is suppressed by the ability to pay for these services. This is confirmed by Yao, Liu, Yan[44] who 
find that a subsidy for energy efficient appliances in China led to an increase in the energy consumption 
of households though the study does not employ a robust control treatment design. Hence, to the 
extent the different interventions studied here incentivize the uptake of energy-efficient household 
appliances, their impact on energy consumption of households is limited by the presence of rebound 
effects, but more rigorous primary evidence is needed to study the  magnitude  of this effect or different 
appliances in different parts of the world.
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Discussion & conclusions  
This systematic review and meta-analysis aggregates evidence from experimental and quasi-
experimental studies that evaluate the impact of behavioral, information and economic interventions 
on purchase of energy efficient appliances, market share of efficient appliances, and the subsequent 
savings in energy consumption after the purchase of efficient appliances. We argue that it is critical to 
discuss the effect of the interventions on these different outcomes jointly as they provide 
complementary pieces of information to our larger effectiveness question. We do this despite stark 
differences in the availability of evidence across the three outcomes, which affects the choice of our 
synthesis methodologies. We conduct a quantitative meta-analysis of the studies on purchase decisions 
given the relatively large sample size and provide a narrative review of the literature on the market-
share and energy-use studies. 

Our meta-analysis shows a small to medium average effect size (average Z score: 0.06-0.14) of 
monetary, information and behavioral interventions on the purchase of energy-efficient appliances. In 
light of recent interdisciplinary discussions on the interpretation of effect sizes, however, such effect 
sizes seem to be relatively common when interpreting the results of experiments[45], [46]. Even though 
estimated average effect sizes are statistically significant and robust to outliers and model selection, the 
results should be interpreted with caution. About half of the effect sizes in our dataset come from 
studies that rely on stated preferences of consumers rather than actual observed behavior, and our 
heterogeneity analysis suggests that the studies based on stated preferences are likely to report higher 
effect size as compared to those that use actual purchase data. The main benefit of using stated 
preferences approach is full and complete control over the experimental setting; however, the choices 
are based on hypothetical situations, decisions are often made removed from any context and 
respondents are not financially committed to their choices, which may bias results upward[47]. In 
addition to this, studies that were tagged as possibly having a higher risk of bias tend to report larger 
effect sizes. These findings, along with the presence of publication bias in the literature, suggest that 
the effects reported in the literature reviewed tend to overstate the efficacy of monetary, information 
and behavioral interventions.  

On the question whether increasing use of efficient appliances in households can translate into reduced 
energy consumption at household level, the scarce evidence suggests the presence of rebound effects 
limiting the effectiveness in conserving energy, i.e. the modest increase in sales of efficient appliances 
through voluntary policy instruments translate only into very moderate energy savings. This is also 
supported by recent literature on energy efficiency improvements and renovation, such as Fowlie, 
Greenstone, & Wolfram[48]. Encouragingly though, the size of the rebound effect also does not seem 
to be large enough to lead to a backfire effect in most studies.  

Ultimately, the practical consequences of the average effect sizes reported in this review, however, 
depend on at least three factors. Firstly, consideration should be given to how often a person makes 
decisions that could be influenced by the interventions under investigation[46]. For example, a 
widespread introduction of energy labels would not only influence one purchase decision but could 
potentially have a cumulative effect on many different purchase decisions, which would significantly 
increase the actual expected effectiveness of an intervention. Secondly, the scalability and costs of 
interventions are important[49]. A relatively cheap and easy-to-implement intervention that can be 
rolled out in such a way that it can influence the decisions of millions of people, such as energy labels, 
is to be evaluated differently than an intervention that is rather costly and resource-intensive to 
implement, such as a personal energy audit. Therefore, it may be advisable to deploy a scalable and 
cost-effective intervention on a large scale, even if the effect size is small, while more demanding 
interventions require a high effect to be cost-effective and therefore advisable. Thirdly, interventions 
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may differ strongly in their welfare effects[50], [51], which for example incorporate the actual reduction 
in externalities, such as greenhouse gas emissions, achieved by the intervention, the cost that those 
who are affected by the intervention incur when changing their behavior, i.e., the potentially higher cost 
or lower comfort of an energy efficient appliance, potential effect heterogeneity and any other 
intervention effects that affect individual utility. Hence, the estimated meta-analytic average effects 
may serve as a good starting point for assessing the potential of interventions to promote the adoption 
of efficient appliances, but to increase the informative value of meta-analyses for such questions, as 
also recommended in Andor & Fels (2018)[21], studies should be more transparent about the costs of 
interventions, scalability, and possibly welfare effects, so that these aspects can also be included in the 
quantitative research synthesis or the marginal value of public funds can then be estimated and 
compared (see for example Hahn et al. (2024)[52]). 

Hence, our systematic review reveals important evidence gaps. Evidence is limited on some key 
interventions such as loans or subsidies. Despite the larger number of labeling and information-based 
measures deployed by governments, ex-post policy evaluations of these programs that identify a causal 
effect are still scarce. The present studies are not always able to distinguish between the effect of such 
voluntary approaches and mandatory phasing out of inefficient appliances. There is a more structural 
gap in primary evidence on the effects on market shares and energy consumption. Closing those should 
be a priority as exploring how our set of interventions might be more effective as part of smart policy 
packages e.g. around other regulatory instruments or standards. Particularly, answering this latter 
question could be fundamental for better understanding their role in climate and energy policy. 
Substantive understanding on the overall impacts of incentive programs is critical to ensure that 
governments and institutions that are devoting substantial time, energy, and resources in championing 
a behavioral approach to increase energy adoption do so in a manner truly capable of bringing about 
transformative change in energy consumption.  
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Methods 

Literature search and data extraction 
For data collection we relied primarily on (1) string-based searches of bibliographic databases; and (2) 
a rolling review of existing literature reviews on the same topic. In compliance with recommendations 
for systematic evidence syntheses, we included several bibliographic databases in our search (Web of 
Science Core Collections Citation Indexes, Scopus, JSTOR, and RePEc), as well as the web-based 
academic search engine Google Scholar. The Web of Science Core Collection Citation Indexes included 
in our search were:  Science Citation Index Expanded (SCI-EXPANDED) --1900-present, Social Sciences 
Citation Index (SSCI) --1900-present, Arts & Humanities Citation Index (A&HCI) --1975-present, 
Conference Proceedings Citation Index- Science (CPCI-S) --1990-present, Conference Proceedings 
Citation Index- Social Science & Humanities (CPCI-SSH) --1990-present, Emerging Sources Citation Index 
(ESCI) --2015-present. The records pulled from JSTOR were limited to only publications after 1960 due 
to an inconsequential number of publications available from years before. 

We applied a comprehensive search string, which was developed based on the PICOS (population, 
intervention, comparator, outcome, and study design) approach recommended by the Campbell 
Collaboration (Supplementary Table 1). The search string was developed reiteratively by checking the 
results of the search against a set of relevant studies identified using previous literature reviews. The 
search was aimed at articles that dealt with household energy (or electricity) consumption and/or the 
purchase of energy-efficient appliances along with one or more interventions of interest (see 
Supplementary Table 2 for inclusion-exclusion criteria). We only tagged as relevant those studies that 
dealt with appliance purchases by households or individuals and/or contained information about 
specific appliance energy consumption in a household or dormitory. Further, studies tagged as relevant 
contained a quantitative estimate for appliance sales or energy saved through the effect of the relevant 
intervention. Studies that only provided an effect size but not the associated variance were not included 
in the final synthesis. In addition, studies where no obvious comparator group was available (untreated 
control group or pre-intervention data) or where the sample size was too small to extract meaningful 
estimates were excluded from the analysis. Studies where behavioral interventions targeted overall 
energy consumption rather than certain appliances were not considered. Overall, studies focusing on 
energy consumption were only included if they regarded energy usage in relation to appliance upgrade 
(i.e. rebound effect studies). The decision was made due to sufficient evidence on the effects of 
behavioral interventions on energy consumption of households in general from existing reviews as 
described in the introduction to this paper.  

Since no exclusions were made based on the year of the study, methodology, or the field of publication, 
the search returned a large number of studies (30,902 entries after removing duplicates and empty 
records). To make manual screening of relevant papers possible, a machine learning algorithm was 
applied that used support vector machines to rate the studies based on the predicted relevance at the 
abstract level (Supplementary Figure 1, 2). The ROSES flowchart for the screening and coding process is 
available in the supplementary materials (Supplementary Figure 1), as well as the complete list of studies 
included in the analysis (Supplementary Table 9). After training the model with the previously known 
relevant documents (32) and a random sample of 500 documents, several reiterations were performed, 
where a team of five reviewers screened the predicted most relevant abstracts manually. The abstracts 
were single screened, however, to ensure consistency, two samples of 50 studies were screened by the 
five reviewers independently at the abstract level (Kappa = 0.68). We applied ML-assisted screening 
process with implementation of a statistical stopping criteria for screening these documents at abstract 
level, which resulted in around 85% work savings and a recall of 0.9 achieved at p = 0.018. We used the 
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NACSOS software for managing search results, removing duplicates, and screening records. In total, 
4,788 studies were screened manually at the abstract level, with 576 rated as relevant. The studies were 
tagged with one of the categories: a) uses behavioral interventions for purchase of energy efficient 
appliances, b) studies usage of energy efficient appliances after purchase for estimating the rebound 
effect, or c) uses behavioral interventions for reducing energy consumption of specific appliances (not 
necessarily energy efficient). This review focuses on the efficacy of behavioral interventions in 
promoting purchase of energy-efficient appliances (categories a and b). Accordingly, 170 studies were 
screened at the full-text level, including 32 studies identified from previous reviews. The final sample 
included 58 studies, whereby all the exclusions have been recorded and categorized. As can be seen in 
Supplementary Figure 1, 13 studies could not be retrieved at full text due to either access restrictions 
(N = 9) or general unavailability of full text due to incomplete records (N = 4). Among further exclusion 
reasons were a) dependent variable outside of the scope of this study (N= 50, these studies mostly 
focused on building retrofits, or appliances that were not considered in this review, or dependent 
variables that were not in any way related to direct purchase decisions / observed energy usage); b) 
independent variable something other than an intervention of interest (N = 10, a common thread among 
these studies was to analyze the effect of socio-demographic characteristics on appliance purchase 
decisions which lies outside the scope of this analysis); c) irrelevant study design or incomplete 
uncertainty information (N = 48, most of these studies applied modelling as their main methodology; 
there were 10 theoretical papers, 3 literature reviews, and 3 case studies; 10 of these studies provided 
no quantitative estimates, and in 7 of them no uncertainty measurements could be calculated for the 
effect sizes) and d) language of the text was not English (N = 1). 

Four reviewers extracted the relevant data from the included studies following the guideline described 
in detail in a codebook (Supplementary Table 10) and holding regular discussions of the coded fields to 
see what disagreements occurred, while making suitable adjustments to the codebook. A single 
reviewer double checked the final data collected for all the included studies. The data was extracted 
manually using MS Excel.  

Standardizing effect sizes 
As the studies included in this review covered a range of dependent variables, they were categorized 
into a) purchase probability of energy efficient appliance, b) willingness-to-pay (WTP) for an efficient 
appliance, c) energy usage after efficient appliance adoption, and d) market share of an efficient 
appliance. The effect sizes for purchase probability and WTP reflected different dependent variables 
(e.g. choice of a high-efficiency class appliance, WTP for a high-efficiency class appliance, etc.), which 
were harmonized and analyzed together, whereas usage and market share effect sizes were studied 
separately. We harmonized the effect sizes on purchase probability and WTP following a standard 
procedure described by Ringquist (2013)[53] of first converting the recorded regression coefficients into 
correlation coefficients (r) using the total sample size, which we then converted to Fisher’s Z.  

If a study applied the difference-of-means design, the standardized mean differences (or Cohen’s d) was 
calculated first and then converted to Fisher’s Z. The formulas for the described conversions are 
specified by Ringquist (2013)[53]. These values were then used for meta-regressions. For the analysis 
on energy usage and market share impact, there were fewer studies available, and the dependent 
variables were homogeneous. Thus, the effect sizes on usage and market share were harmonized as 
percentage change estimates so that a descriptive analysis could be performed. Most of the studies 
within these two categories had reported percentage change explicitly, while others reported 
coefficients from models that depending on the model specifications were easily converted to 
percentage change values. 
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Synthesis 
After the harmonization of individual effect sizes for the dependent variables “purchase probability” 
and “WTP” through conversion to Fisher’s Z [53], we implemented a random effects model with 
intervention and appliance category as predictors. The metafor package in R was used to get the 
estimates from FE and REML model specifications. While the estimates from the FE model were lower 
compared to REML, they were still positive and statistically significant. We present the estimates from 
a REML model in the main text, as the underlying effects in our sample are likely to be heterogenous, in 
which case a random effects model is considered more appropriate than a fixed effect model [53], [54]. 
Furthermore, as some of the studies in the sample reported multiple effect sizes were extracted from 
each study, we applied the multi-level random effects model to account for possible interdependence 
of the effect sizes. 

We also checked that no single study or specific effect size disproportionately affected the model 
results. We calculated Cook’s distance values for coefficients in the meta regression. Observations with 
the highest values of this parameter were dropped which resulted in 7 and 7 influential values for 
intervention-specific and appliance-specific models respectively. The results presented in the main text 
are after exclusion of the influential observations. Not excluding these observations does not materially 
change the results except that the confidence intervals for the estimated effect sizes become larger (see 
Supplementary Table 6).  

We analyzed the subset of appliances that had the best coverage in our sample (air-conditioner, lighting, 
refrigerator and water heater), and economic incentives seemed to have a much larger effect for 
refrigerators, and a smaller effect compared to information incentives for air-conditioners and water 
heaters. However, when we excluded outliers based on Cook’s difference, the interaction effect 
between refrigerator and economic incentives was completely diminished. 

Furthermore, we analyzed the subset of effect sizes where more than one intervention was 
implemented at the same time, comprising of 40 observations. We found no statistically significant 
effects when interventions are applied in combination with each other. The most powerful 
combinations of interventions appeared to be information coupled with a subsidy, while combining 
information with rebate or labels with rebates has a slightly lower average effect. 

Heterogeneity in effect sizes 
There is considerable unexplained heterogeneity in effect sizes that we extract from primary studies                
(I2 = 97-98% for random effects model with intervention/appliance as moderator variable). Estimates of 
the effect size may vary both because of the variation in the underlying response to interventions (e.g., 
due to the type of intervention and appliance, regional variation, homeowners vs. tenants, etc.) or 
because of differences in characteristics of the studies (e.g., setting of the experiment, statistical 
techniques used for analysis, reporting biases, etc.). We coded 16 variables, which can take 35 separate 
values, to capture several characteristics of the studies. The complete list of the study characteristics 
that we code as potential explanatory variables, and their summary statistics are presented in the 
supplementary information (Supplementary Tables 4-5).  We use the following regression to estimate 
the relationship between the potential explanatory factors discussed above, and the willingness to pay 
reported by the studies, standardized as Z value, in our dataset:  

𝑍̂𝑍𝑖𝑖𝑖𝑖 = 𝛼𝛼 +  �𝜃𝜃𝑘𝑘𝑋𝑋𝑘𝑘,𝑖𝑖𝑖𝑖 +  𝜀𝜀𝑖𝑖𝑖𝑖

27

𝑘𝑘=1

 

where 𝑍̂𝑍𝑖𝑖𝑖𝑖  is the i-th estimate from the j-th study, and 𝑋𝑋𝑘𝑘,𝑖𝑖𝑖𝑖 is the corresponding value of the k-th 
explanatory variable. 𝛼𝛼 is the intercept and 𝜃𝜃 is a vector of 𝑘𝑘 parameters, 𝜀𝜀 is a vector of error terms. It 
is, however, difficult to specify the best model that contains all the relevant explanatory variables. One 
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approach is to include all possible combinations (216 in our case) of the categories of the moderator 
variables. But such an estimation would ignore model uncertainty inherent in meta-analysis: while we 
have a strong rationale to include some of the variables (e.g., monetary incentive size), others are 
considered mainly as controls for which there is no theory on how they could affect the results of studies 
(e.g., study design, location). But including all variables in the regression would inflate the standard 
errors and yield inefficient estimates even though some variables might prove to be redundant. Given 
the large number of potential model combinations, choosing a single model specification by leaving out 
some of the variables could result in erroneous inference. To address these issues, we employ Bayesian 
model averaging (BMA): an approach successfully used in previous meta-analyses in economics (e.g. 
[55], [56], [57]). BMA runs many regressions with different possible combinations of explanatory 
variables and does not require selecting one individual specification. We do not estimate all 
combinations of model specifications possible given our explanatory variables but rather employ the 
Markov chain Monte Carlo (specifically, the Metropolis-Hastings algorithm of the bms package for R by 
Zeugner & Feldkircher, 2015), which walks through the most likely models. In the Bayesian setting, the 
likelihood of each model is represented by the posterior model probability. The estimated BMA 
coefficients for each variable are represented by posterior means and are weighted across all models 
by their posterior probability. Each coefficient is then assigned a posterior inclusion probability that 
reflects the probability of the variable being included in the underlying model and is calculated as the 
sum of posterior model probabilities across all models in which the variable is included[59], [60].  

In the baseline specification, we employ the unit information g-prior that the regression coefficient is 
zero the same weight as one observation of the data[59]. This agnostic prior reflects our lack of 
knowledge regarding the probability of individual parameter values. To test the robustness of our 
estimates we use the dilution prior that adjusts model probabilities by multiplying them by the 
determinant of the correlation matrix of the variables included in the model[56], [57]. The results from 
the BMA are provided in supplementary information (Supplementary Table 7). The tables show the 
posterior inclusion probability (PIP) that indicates the relevance of each variable. Commonly, variables 
with a PIP above 0.5 are interpreted to be relevant explanatory factors, while variables with lower PIPs 
are unable to capture the observed heterogeneity. The table furthermore provides the posterior mean 
and standard deviation of the estimated effect averaged across all meta-regressions that include the 
respective variable. As a robustness check of our baseline BMA specification and to provide more readily 
interpretable results we run a hybrid frequentist-Bayesian model. We employ variable selection based 
on BMA, i.e., we only include the variables with posterior inclusion probability (PIP) above 50% and 
estimate the resulting model using an Ordinary Least Squares (OLS) model with clustered standard 
errors. The results for this exercise are presented in the main text in Table 2. 
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