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 6 
Despite the importance of evaluating all mitigation options so as to inform policy decisions addressing 7 
climate change, a systematic analysis of household-scale interventions to reduce carbon emissions is 8 
missing. Here, we address this gap through a state-of-the-art machine-learning assisted meta-analysis to 9 
comparatively assess the effectiveness of a range of monetary and behavioral interventions in energy 10 
demand of residential buildings. We identify 122 studies and extract 360 effect sizes representing trials on 11 
1.2 million households in 25 countries. We find that all the studied interventions reduce energy 12 
consumption of households. Our meta-regression evidences that monetary incentives are on an average 13 
more effective than behavioral interventions, but deploying the right combinations of interventions 14 
together can increase overall effectiveness. We estimate global cumulative carbon emissions reduction of 15 
8.64 Gt CO2 by 2040, though deploying the most effective packages and interventions could result in 16 
greater reduction. While modest, this potential should be viewed in conjunction with the need for de-17 
risking mitigation with energy demand reductions and realizing substantial co-benefits.  18 
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Finding low energy demand pathways is necessary to hedge against the risks involved in decarbonizing 19 
energy supply and is key for finding socially acceptable ways of meeting the Paris climate goals1–4. Energy 20 
demand from buildings was responsible for 28% of global energy-related CO2 emissions in 2019, when 21 
indirect emissions from upstream power generation are considered. In absolute terms, buildings-related 22 
CO2 emissions increased to an all-time high of 10 GtCO2, with residential buildings accounting for 60% of 23 
these emissions5. According to the IEA, this new trend contrasts with the plateauing of emissions from 24 
2013 to 2016. Since then increased demand for building energy services has outpaced energy efficiency 25 
and de-carbonization efforts6. Besides technologies and architecture, behavior, lifestyle, and culture have 26 
a major effect on buildings’ energy demand with three to five-fold difference in energy use for provision 27 
of similar building-related energy service levels7. A lack of systematic efforts to quantify demand side 28 
solutions, in general, and interventions in household energy demand specifically, has led to a bias towards 29 
riskier supply side solutions in climate change assessments such as those by the Intergovernmental Panel 30 
on Climate Change8.  31 

There is a rich and diverse literature available on demand-side solutions9. Since the oil price shock in 32 
1970s, interventions to reduce energy use in building and appliance use have been researched 33 
extensively10. Experiments that use monetary incentives to reduce consumption have been trialed widely, 34 
even more so since the introduction of smart metering at scale over the last decade11. Evidence has 35 
accumulated on use of behavioral interventions, which encompass a range of initiatives that may, either 36 
by themselves or in conjunction with the more typical policy tools (e.g., infrastructure, incentives), 37 
achieve greater energy consumption reductions than have been achieved by the typical tools alone12. In 38 
spite of this vast evidence pool that can be employed for policymaking, little is known about the global 39 
carbon emissions reduction potential of such interventions. 40 

We address this gap through an interdisciplinary meta-analysis of interventions in household energy 41 
consumption. Previous reviews tend to be disciplinary and focused on subsets of the interventions. 42 
Faruqui et al.13 on pricing interventions, Karlin et al.14 on feedback, Abrahamse et al.15 and Andor et al.16 43 
on social comparison, commitment devices, goal setting, and labelling. Nisa et al.17 consider evidence 44 
from a wider range of household behaviors that are relevant for climate change mitigation but did not 45 
review interventions in energy consumption exhaustively. The meta-analysis by Delmas et al.18 broke new 46 
ground but was based on a narrower literature search and does not include studies published after 2012, 47 
which constitute about half of our sample. This paper provides a comprehensive, up-to-date meta-48 
analysis that critically assesses energy savings potential of pecuniary and behavioral interventions in 49 
household energy consumption, as well as their carbon implications to inform upcoming climate change 50 
assessments.  51 

We extend previous analyses in important ways. First, following international standards for systematic 52 
reviews19, we do not restrict our literature search based on research design, source or timelines. The 53 
resulting sample of relevant studies is at least twice as large as previous analyses, which allows us to run 54 
rigorous multilevel meta-analysis models to increase reliability of results. Second, with the exponential 55 
growth of the literature in recent years, there are several new studies from countries like Japan, China, 56 
India, Israel, and Australia that provide regionally varied insights. Third, none of the previous reviews 57 
estimate mitigation potentials, the commonly applied metric in climate change assessments. We translate 58 
the evidence on interventions in energy consumption into meaningful estimates of CO2 reduction 59 
potentials. Last, all the information collected, and code developed in this project is publicly available in 60 
line with the systematic reviews reporting protocol (ROSES)25,26, providing the transparency and 61 
reproducibility required to conform with Open Synthesis22 principles.  62 



   
 

 3 

Interventions targeting household energy consumption  63 

We perform a systematic review and meta-analysis of the literature (see methods) on interventions in 64 
residential energy demand. These interventions can broadly be grouped into monetary incentives that 65 
offer households a tangible financial reward for reducing energy consumption, and behavioral 66 
interventions that include altering decision environments (often referred to as choice architecture) or 67 
nudging, appealing to norms, providing easily interpretable and credible information at the point of 68 
decision-making, and improving skills required to perform or forego behaviours12. Following previous 69 
studies14,16,18 we classify behavioral interventions into information, feedback, social norms and motivation 70 
interventions. We systematically search, screen and select the relevant literature on the five different 71 
types of interventions (see Figure 1). 72 

Figure 1 Typology of reviewed interventions  73 

Intervention type Intervention Description 

Monetary                                                    
Incentives 

Critical Peak/ Seasonal 
Pricing 
Time of Use/ Real-time 
Pricing 
Rewards/ Rebates 

Time of use pricing aligns the prices faced by households with the 
underlying cost of supply, which is higher during peak demand periods23. 
Other interventions reward consumers for reducing peak period 
consumption24. Households are expected to reduce consumption as long 
as the financial savings from reduced consumption outweigh the costs of 
shifting or reducing consumption25. 

Information Home Audits 
Tips 
Reminders 

These policies focus on promoting energy saving behavior by reducing the 
information deficit faced by households with activities and actions that 
can help reduce energy consumption15. The information provided may be 
general advice like energy saving tips and practices through workshops26 
and mass media campaigns27 or tailored advice in the form of home 
audits28. 

Feedback Historical 
In-home displays 

Feedback interventions are rooted in psychological research that posits 
that directing an individuals’ attention to a feedback-standard gap that is 
relevant to the individuals can engender behavioral change14. Most 
experiments provide individuals information about their energy use, 
drawing comparisons to the historical consumption29. The effect of 
feedback seems to depend on its frequency, medium and duration14,30.  

Social                               
Comparison 

Home energy reports 
Normative feedback 

Households are benchmarked against the performance of their social 
group18,31. Norm based communication has been widely adopted by 
utilities in the form of Home Energy Reports32, which seem to be effective 
in some cases even years after households received their initial reports33.  

Motivation 
Commitment Devices 
Goal Setting 
Gamification 

Social pressure has also been employed in the form of public pledges or 
commitments by households to practice energy conserving behaviours34. 
Goal setting interventions in which households commit to reducing 
energy consumption by a certain percentage over the course of the 
experiment are other commitment devices16. Some recent experiments 
have used web based gamified platforms or mobile apps to induce 
behavioral change.  

We ultimately identify and code 122 relevant studies across disciplines and geographies. This is twice the 74 
number of studies included in previous meta-analyses (see methods, SI). We extract 360 effect sizes from 75 
these studies, or an average of about three effects per study.  Our final sample represents research on a 76 
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total of 1.2 million households across 25 countries. About half of the sample comes from studies in 77 
economics or business, about a quarter from psychology and around a fifth from engineering or 78 
technology literature. The earliest studies date back to the mid-1970s, but around half of the sample is 79 
from studies conducted after 2013. About 45% of the sample comes from households in the United 80 
States, 25% in continental Europe, and another 10% in the United Kingdom. The number of studies 81 
looking at Asian households is increasing recently and constitutes 10% of the sample with the remaining 82 
10% coming from Australia, Latin America, Africa, and the Middle East. The mean (standard deviation) 83 
baseline consumption across effects is 7439 (8845) kWh yr-1 and the mean duration of the underlying 84 
experiments is 21.5 (26.8) weeks.  85 

The studies in our sample reported effects in terms of relative change in energy consumption but the 86 
exact dependent variable and statistical technique employed (various regression models, difference of 87 
means, etc.) vary across studies. In order to estimate the aggregate effect size, we first standardized the 88 
effects by converting the estimates reported by each study to Fisher’s Z35 and then used meta-analysis 89 
models to calculate the aggregate effect across studies (see methods). 90 

Table 1 Descriptive statistics of the sample of included studies  91 

 
No. of 
effects 

% of total 
sample 

% Reduction in Energy Consumption Standardized Effect Size (Z) 

 
  Average Standard 

Deviation 
Weighted 
Average 

Average Standard 
Deviation 

Feedback 26 63.1 5.04 6.91 1.77 0.133 0.213 

Information 174 48.6 5.61 6.84 1.91 0.166 0.245 

Monetary Incentives 75 20.9 6.06 6.41 1.44 0.148 0.188 

Motivation 73 20.4 9.51 9.73 1.87 0.187 0.161 

Social Comparison 134 37.4 5.34 7.62 1.81 0.131 0.208 

All Interventions 360  5.83 7.41 1.80 0.149 0.214 

What interventions work best  92 

Our analysis finds a medium average effect size across all interventions. The estimated average effect 93 
varies between 0.10 – 0.15 and is both statistically significant and substantive across model specifications. 94 
The average effect size is 0.10 (95% CI = [0.08, 0.11]; 95% prediction interval = [0.02, 0.18]) in a random 95 
effects model with DerSimonian-Laird (DL) estimator and 0.15 (95% CI = [0.13, 0.17]; 95% prediction 96 
interval = [-0.23, 0.53]) with a random effects model with Restricted Maximum Likelihood (REML) 97 
estimator. The REML estimator is recommended when the heterogeneity is large, as is in our sample36. 98 
We also estimated a multilevel model to account for dependence between effect sizes coming from the 99 
same studies. This gives an average effect size of 0.15 (95% CI = [0.12, 0.18]; 95% prediction interval = [-100 
0.22, 0.52]). These estimates are consistent with the re-examination of data collected by Nisa et al.16, 35. 101 
The results are robust to influential study analysis and variance matrix specification (see methods). While 102 
an average effect size of 0.10 can still be considered small at the level of a single household intervention 103 
but relevant if scaled up, an average effect size of 0.15 indicates a medium effect and is considered to be 104 
consequential both at a single household level and cumulative over many households37,38. 105 

Our analysis reveals distinct differences in average effect sizes across individual interventions (Figure 2a). 106 
Studies that solely focused on monetary incentives (0.26; 95% CI = [0.17, 0.34]) and information (0.21; 107 
95% CI = [0.13, 0.29]) find higher average effect sizes than studies concerned only with feedback (0.08; 108 
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95% CI = [0.01, 0.14]) and social comparison (0.10; 95% CI = [-0.01, 0.21]). The average effect of 109 
motivation studies (0.13; 95% CI = [0.03, 0.23]) is close to the overall average though with wider 110 
confidence intervals.  111 

We find evidence that combinations of interventions are additive in their effect and may even perform 112 
better (Figure 2b). For example, the average effect for studies that combine feedback, social comparison, 113 
and monetary interventions is higher (0.33; 95% CI = [0.06, 0.61]) than average effect size for feedback, 114 
monetary interventions, social comparison individually. The average effect size of studies, that combine 115 
motivation, feedback, and monetary incentives (0.44; 95% CI = [0.09, 0.78]) or motivation, feedback, and 116 
social comparison (0.21; 95% CI = [0.01, 0.38]), is also higher than the effect size of individual 117 
interventions. In other cases, the overall effect size is about the same as the individual effects; for 118 
example in the combination of feedback and social comparison (0.10; 95% CI = [0.01, 0.18]). Interestingly, 119 
the average effect from combining feedback and monetary incentives (0.17; 95% CI = [0.06, 0.29]) is 120 
lower than the average effect of monetary incentives alone. This supports the trade-off between altruistic 121 
and pecuniary motives for reducing energy consumption found in primary studies25,39,40. Surprising, there 122 
is a similar trend in other combinations involving information, feedback, and social comparison. A Wald-123 
type chi-square test confirms that the differences between the average effect of the combination of 124 
interventions noted above and their respective constituents are statistically significant41. These results are 125 
robust to the choice of model and influential study analysis, though removing influential studies reduces 126 
the differences between the various combinations. Overall, while these results support the idea that 127 
behavioral interventions should not be looked at only individually but rather as packages to increase 128 
effectiveness12, there might also be trade-offs in certain combinations. 129 

  130 
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Figure 2 Panel (a) shows the average effect size across interventions along with the 95% confidence intervals. Panel 131 
(b) shows average effect size for combination of interventions. Z > 0 implies reduction in energy consumption and               132 
Z <= 0 implies increase in energy consumption as a result of the interventions 133 

  134 

 135 
Notes: The results shown here use the multilevel meta-regression model with interacted dummy variables for the five 136 
interventions. In the panel (b) only the combination of interventions for which the average effect size was statistically significant at 137 
the 5% level have been labelled. 138 

Z 

Average = 0.15 

Panel (a) 

Panel (b) 
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Explaining heterogeneity in effect sizes 139 

The meta-analysis models used to estimate the aggregate treatment effects indicate a high degree of 140 
heterogeneity in effect sizes across studies (I2 = 94.12 for DL model and 99.74 for REML model). In order 141 
to understand what drives effect size heterogeneity we performed a meta-regression controlling for a 142 
range of study characteristics including region and time of study, study design and a range of study level 143 
controls (Table 2). 144 

Household interventions may vary across regions and countries13,42. We find that compared to the studies 145 
from the United States, average effect in studies done in Asia is higher, especially those that employ 146 
monetary incentives. Average effect in studies from continental Europe is marginally larger but the 147 
difference is not statistically significant. Overall we do not find significant differences in results reported 148 
from different regions.  149 

Our study confirms that the average effect reported by newer studies is lower. We find a statistically 150 
significant negative coefficient for the study year moderator in eight of the ten model specifications. We 151 
also find that studies with longer treatment duration tend to find smaller effects on average questioning 152 
the magnitude and sustainability of induced behavioral changes. The coefficient of treatment duration is 153 
negative and statistically significant in five of the model specifications. While the coefficient is not large, it 154 
predicts that studies with treatment duration of more than 100 weeks will find negligible effects. 155 
However, long term studies are scarce—the mean (median) treatment duration in our sample is only 21.5 156 
(12) weeks, indicating need for long-term trials.  157 

We further find that rigorous study designs find lower effect sizes. The primary studies in our dataset 158 
either compared the electricity consumption of the households before and after an intervention (a pre-159 
post design), or across treatment and control groups, or both before and after intervention and across 160 
treatment groups (difference in difference design, DID). The control-treatment and DID designs studies 161 
on average report lower reduction in energy consumption. The coefficient of the moderator variables are 162 
statistically significant and negative when all interventions are considered together, and also for subsets 163 
of interventions except motivation and monetary incentives.  164 

Household selection also impacts study outcomes. With monetary incentives, which have largest effect 165 
size, the effects are lower for households that did not opt-in into the experiment. The coefficient of 166 
moderator variable for opt-in is positive and statistically significant. There are no statistically significant 167 
differences in the results between studies that employed randomization and studies that did not, except 168 
in case of feedback.  169 

Finally, studies that control for weather have lower average effects, though this difference is not 170 
statistically significant except for motivation studies. Studies that control for characteristics of the house 171 
(size, appliances) tend to find a smaller effect on average, a finding that is consistent across all model 172 
specifications but is statistically significant only for monetary incentives. On the other hand, the 173 
moderator variable for demographic differences between the households is inconsistent and not 174 
statistically significant.  175 

  176 
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Table 2 Results from the meta regression model. Dependent variable is Fisher’s Z, Z > 0 implies reduction in energy 177 
consumption and Z =< 0 implies increase in energy consumption 178 

 All Feedback Information Monetary Incentives Motivation Social Comparison 

 
REML Multilevel REML Multilevel REML Multilevel REML Multilevel REML Multilevel REML Multilevel 

Asia 0.14*** 0.15** 0.03 0 0.06 0.13 0.22** 0.14 0.05 0.12 0.02 0.01 

UK 0.01 0.03 -0.03 -0.01 0.04 0.06 -0.07 -0.13 -0.04 0.09 -0.07 -0.09 

Europe excl. UK 0.02 0.05 0.01 -0.01 0.02 0.09 0.16* 0.09 0 0.06 -0.11* -0.03 

Other regions 0.01 0.04 -0.01 0.02 0.02 0.06 -0.06 -0.02 0.10* 0.14 -0.07 -0.08 

Study Year -0.00*** -0.00** -0.01*** -0.01*** -0.01*** -0.00* 0 0 -0.00* -0.01* -0.01* 0 

Treatment 
Period -0.00** -0.00* -0.00*** -0.00* 0 0 -0.00* 0 0 0 0 0 

Study Design - 
DID -0.17*** -0.11* -0.28*** -0.12* -0.25*** -0.20* 0.01 0.05 0.16* 0.17 -0.32*** -0.24** 

Study Design      
Control-
treatment 

-0.13** -0.08 -0.29*** -0.11 -0.23*** -0.13 0.16 0.05 0.20** 0.14 -0.33*** -0.25** 

Randomization 
Yes 0.03 0.04 0.10* 0.05 0.03 -0.02 -0.11 -0.06 0.02 -0.09 -0.06 -0.05 

Opted In         
Yes 0.03 0.03 0 0 0.05 0.05 0.22*** 0.16 -0.07 -0.05 0.06 0.06 

Household Type -0.02 0.03 0.01 -0.01 0.01 0.03 0.60* 0.46 -0.03 0.03 -0.01 -0.02 

Residence Type -0.03 -0.08 -0.03 -0.01 -0.03 -0.11 -0.64* -0.41 -0.02 -0.04 -0.05 -0.04 

Weather -0.02 0 -0.02 0 -0.06 -0.02 -0.11 -0.08 -0.09* 0 -0.01 0.02 

Intercept 8.72*** 8.44** 12.77*** 11.71*** 12.79*** 10.13* -1.14 0.07 7.53* 13.69* 12.97** 10.35 

No. of Effects 324 324 198 198 150 150 71 71 72 72 115 115 

I2 99.47  99.23  99.64  96.87  50.42  99.51  

R2 25.52  51.46  29.37  49.04  95.82  47.45  

***p < 0.001; **p < 0.01; *p < 0.05       

  179 
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Discussion and outlook  180 

We perform an inter-disciplinary meta-analysis of the effectiveness of pecuniary and behavioral 181 
interventions in household energy consumption comprising 122 primary studies and 360 effects sizes 182 
representing 1.2 million households in 25 countries. To our knowledge this is the most comprehensive 183 
assessment to date. We find a medium-sized, average impact of interventions in household energy 184 
consumption. The effect is robust across the meta-analytical models and sub-sets of interventions. The 185 
average effect differs by intervention type, with monetary incentives and information being more 186 
effective than other interventions—motivation, social comparison, and feedback.  187 

Our findings support the idea that behavioral interventions should not be looked at only individually but 188 
rather as packages to increase effectiveness12,43. Interventions are usually at least additive and smart 189 
packaging can ensure that the overall effect of a portfolio of well integrated interventions is larger than 190 
the sum of the separate effects when interventions are applied in isolation. But more research is required 191 
to understand why some combinations work better together than others to identify possible trade-offs 192 
while combining interventions.  193 

Our moderator variable analysis points towards possibly lower effects for interventions implemented at 194 
scale due to self-selection bias, a concern which has also been noted in primary studies44. Our analysis 195 
also highlights the need for more long term trials, using rigorous methodology and controls for 196 
contiguous factors. We are unable to assess persistence of effects after the treatment period33, which is 197 
critical especially for behavioral interventions, but also to an extent monetary incentives. This is because 198 
studies do not always include follow up periods and even where they are included, they are not 199 
consistent in terms of energy consumption metric, and comparator used (follow up period consumption 200 
to treatment period consumption or baseline consumption).  201 

Figure 3  Global average annual (left panel) and cumulative (right panel) CO2 emissions reduction potential of 202 
interventions in household energy demand on building emissions along with the 95% confidence intervals 203 

 204 

In spite of these limitations, our meta-analysis offers important insights regarding the carbon emissions 205 
mitigation potential of the studied interventions for climate changes assessments. Using percentage 206 
reduction in electricity consumption as the dependent variable in our meta-analytical models along with 207 
the aggregate emissions of households, we are able to calculate an emissions reduction wedge (see 208 
methods). Overall, pecuniary and behavioral interventions in household energy demand can on an 209 
average deliver immediate reduction of 0.39 Gt CO2 yr-1 or cumulative reductions of 8.64 Gt CO2 by 2040 210 

Avg. = - 0.39 Gt/yr 

s 
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in global carbon emissions of residential buildings (Figure 3). The reduction is higher when only monetary 211 
incentives are used and lower when only feedback and social comparison are deployed.  212 

This estimated mitigation wedge is conservative. The reductions could be enhanced by using our evidence 213 
on interactions between the various interventions, including the consideration of interaction between 214 
injunctive and descriptive norms45, and the interaction between social norms, behavioral interventions 215 
and infrastructure provisions46 or building design47. Cost effectiveness of a basket of interventions should 216 
also be assessed by taking into account the costs of different interventions (monetary incentives for 217 
example could entail higher infrastructure and regulatory costs). Further, our estimate is based on the 218 
current average emissions intensity of electricity grids but would increase if the reductions in energy 219 
demand lead to reduction of generation from coal power plants at the margin, as has been the case in the 220 
current COVID induced demand reductions48.  Our estimate also only considers the reduction in energy 221 
consumption from household interventions but not shift in consumption from peak to non-peak hours, 222 
which can reduce electricity consumption during peak carbon emissions hours by up to 10%49. Finally, our 223 
moderator variable analysis does not find significant differences in effectiveness of interventions across 224 
regions, and it’s reasonable to expect that interventions in energy demand can temper the rapid growth 225 
of energy demand in developing countries in South and South-East Asia and sub-Saharan Africa leading to 226 
higher savings in emissions. Thus while the estimated carbon mitigation wedge of interventions in 227 
residential energy demand is relatively small, the actual impact in specific contexts is likely to be higher. 228 
Rightly configured interventions in household energy demand offer a no regret option that can move 229 
economies to less risky, low consumption demand pathways towards achieving the Paris climate goals.  230 
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Methods  344 

All the information collected in this project is publicly available in line with the systematic reviews reporting 345 
protocol (ROSES)25,26, providing the transparency and reproducibility required to conform with Open 346 
Synthesis22 principles.22 (see SI for the comprehensive ROSES checklist).  We performed a series of meta-347 
analyses on both the full sample as well as (disciplinary) sub-samples in order to assess the effectiveness of 348 
different interventions on residential energy consumption. Finally, based on our meta-analyses results we 349 
estimate global CO2 reduction wedge.  350 

Literature search and data extraction: Our data collection strategy involved (1) a search for relevant existing 351 
literature reviews and the studies referenced by them; (2) string-based searches of bibliographic databases; 352 
and (3) searches for grey literature on Google. In accordance with guidance for rigorous evidence 353 
syntheses, we searched a broad set of bibliographic databases (Web of Science Core Collections Citation 354 
Indexes, Scopus, JSTOR, MEDLINE), and the web-based academic search engine Google Scholar, based on 355 
a comprehensive search string that followed the PICOS (population, intervention, comparator, outcome 356 
and study design) logic recommended by the Campbell Collaboration50. We developed the search string 357 
(see SI) iteratively by checking the results of the search against a set of studies of known relevance. We 358 
searched for articles that dealt with household energy (or electricity) consumption along with one or more 359 
of interventions of interest. Since we did not make any exclusions based on the date, methodology or the 360 
field of publication, the searches returned a large number of studies (64,931) after removing duplicates.  361 

To enable screening of relevant papers, we applied a novel machine learning algorithm using support vector 362 
machines51 to rank the studies in the order of relevance of their abstracts. A team of four reviewers then 363 
manually screened the abstracts of the top 6,023 studies. Full text screening was performed on a selection 364 
of 939 studies deemed relevant from this initial screening. We only tagged as relevant studies that dealt 365 
with energy consumption by households or dormitories and contained a quantitative estimate for the 366 
energy saved through a relevant intervention. We did not include studies that focused on price effects but 367 
only referenced load effects (changes in kW and not kWh) or those that only reported effect on peak 368 
consumption and not total consumption. Studies that only provided an effect size but not the associated 369 
variance were not included in the final synthesis. In addition, studies where no obvious comparator group 370 
was available (untreated control group or pre-intervention data) or where the sample size was too small to 371 
extract meaningful estimates were excluded from the analysis. The final sample included 122 studies after 372 
critical appraisal. The inclusion and exclusion criteria, ROSES flowchart for screening and coding and the 373 
complete list of studies included in the analysis is available in SI. Four reviewers extracted the relevant data 374 
from these studies using the rules laid out in a codebook (see SI). To ensure consistency, a sample of 50 375 
studies was screening at an abstract level (Kappa = 0.77). The reviewers next did a full text screening and 376 
coded the relevant papers from this sample, followed by discussion of the coded fields to see what 377 
disagreements occurred and suitable adjustments to the codebook. A single reviewer double checked the 378 
final data collected for all the included studies. We used the NACSOS software52 for evidence synthesis 379 
developed by MCC Berlin for managing search results, removing duplicates, screening records and 380 
extracting data. 381 

Standardizing effect sizes:  While the dependant variable in studies in our sample was uniform, relative 382 
change in energy consumption, the exact functional form and precision of estimates varied across studies. 383 
Since most of the original studies employed regression analysis, following convention35, we standardized 384 
the effects by first converting the regression coefficients extracted from the studies into correlation 385 
coefficients r using the total sample size, which were then converted to Fisher’s Z . For studies that 386 
employed difference of means design, we first calculated the standardised mean differences (smd) or 387 
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Cohen’s d and then converted them to Fisher’s Z. The conversions were done using the standard formulae 388 
prescribed by Ringquist 201335 (see R code in SI for exact conversions).  389 

Synthesis: In order to estimate the aggregate effect size, we first standardized the effects by converting the 390 
estimates reported by each study to Fisher’s Z35 We used a random effects model to aggregate the 391 
standardized Fisher’s Z from the original studies. Random effects model is appropriate when effect sizes in 392 
primary studies do not consistently converge to a central population mean35,53, which is certainly the case 393 
for studies relating to energy consumption in households with heterogeneous treatment effects18. We used 394 
the metafor package in R54 for implementing the random effects model using the DerSimonian-Laird (DL) 395 
and restricted maximum likelihood (REML) estimator. Although the DL method is relatively simple and 396 
popular, it can lead to severe underestimation of the variance when either the number of studies is limited, 397 
or the heterogeneity is large. Instead, Restricted Maximum Likelihood is often recommended, especially 398 
when heterogeneity is relatively high36, so estimating using a REML estimator was preferred. We tested for 399 
influential observations using Cook’s distance, cov ratio and tau2 (after removal of statistic) diagnostics and 400 
identified 8 influential effects. Dropping the influential observations reduced the estimated average effect 401 
size to 0.08 – 0.12 but results remained statistically significant and the estimate of tau2 decreased leading 402 
to a smaller prediction interval.  403 

Further, even the ordinary random effects model is inappropriate when the effect sizes included are not 404 
statistically independent35. Effect sizes are likely to dependent in our sample as we extracted multiple effect 405 
sizes from each study. In addition, several of the studies in our set employ multiple treatments and some 406 
used data from the same underlying experiments. We employed a hierarchical or multilevel meta-analysis 407 
model to account for such dependence. The multilevel analysis explicitly models that several of the effect 408 
sizes (level 1) come from the same study (level 2). The multilevel analysis used the default variance-409 
covariance structure in the metafor package54. To test the robustness of our findings we also used cluster 410 
robust inference methods using the clubsandwich package in R to estimate the variance-covariance matrix 411 
(Cluster Robust Variance Estimation). Our results presented in the main paper were robust to the use of 412 
these methods. 413 

The meta regression models that investigate the causes for heterogeneity in effect sizes were estimated 414 
using REML and multilevel models and introducing moderator variables in the estimation equation. 415 
Interaction effects between the various interventions were estimated by including treatment type 416 
(monetary incentives, information, feedback, social comparison, and motivation) as interacted dummy 417 
variables in the estimation equation. The resulting output gives the estimated effect when a single 418 

intervention is applied alone and also estimates for all possible combinations of effects seen in the dataset.  419 

Moderator variables for effect heterogeneity:  Moderator variables in a meta-regression are factors that 420 
influence the conditional expectation of the effect size. Mathematically, the interpretation of the 421 
parameter on a moderator variable in meta-regression is the same as for a parameter estimate from a 422 
traditional regression; that is, it represents the average change in the effect size associated with one-unit 423 
change in the moderator. Moderator variables could represent factors that genuinely affect the magnitude 424 
of the relationship between the focal predictor and the outcome of interest or could represent design 425 
elements of original studies that may affect effect size from coded studies35. In this study we include both 426 
type of moderator variables. Design elements of original studies are captured as dummy variables for the 427 
following variables: weather controls (whether the study controls for it); demographic controls (whether 428 
the study controls for it); randomization and study design. The ‘other’ category of moderator variables 429 
captures the factors that are likely to affect the relationship between energy use and the treatment, for 430 
example, duration of experiment or region in which the experiment was performed.  431 
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Emissions reductions: To calculate the mitigation wedge, we used the data on direct and indirect CO2 432 
emissions of households from the IEA55. The reduction in electricity consumption was calculated by 433 
multiplying the estimated CO2 emissions of households in 2018 (5.57 Gt) by the average percentage 434 
reduction in energy consumption of households due to interventions calculated using the meta-analysis 435 
models. The meta-analysis models for this part were run using percentage change in energy consumption 436 
reported in primary studies as the dependent variable. The corresponding variance was approximated using 437 
square root of sample size18. The weighted percentage reduction in energy consumption corresponding 438 
with weights from the meta-analysis models was estimated as 6.5% (95% CI = [5.3%, 7.7%]) for the 439 
multilevel model. The estimates for cumulative emissions reductions were calculated by assuming the same 440 
annual reductions till the respective year.  441 

Data availability: The authors declare that the data supporting the findings of this study are available within 442 
the paper and its supplementary information and on Github. 443 

Code availability: All the software packages used for conducting the meta-analysis are open source and 444 
freely accessible. 445 

 446 

https://github.com/tarun-hertie/Household-Interventions

