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Abstract
The study analyses robust, causal evidence of transformational change. We ap​proach this topic by systematically reviewing literature that has the potential to document causal evidence for transformational change across a broad set of inter​ventions and outcomes. Our focus is on evidence found in developing countries to inform climate interventions. We approach this learning exercise directly by looking at the energy sector and indirectly by reviewing the evidence on behavioural change in the public health sector. Both sectors show examples of transformational change with scale, depth and duration. We identify lessons on transformational change from these two sectors relevant to policymakers.
Keywords Transformational change · Systematic review · Meta-analysis ■
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Résumé
L'étude analyse des preuves robustes et causales du changement transformation- nel. Nous abordons ce sujet en passant systématiquement en revue la littérature
Η Martin Prowse
mprowse@gcfund.org; M.Prowse@uea.ac.uk

susceptible de documenter des preuves causales de changement transformationnel à travers un large éventail d'interventions et de résultats. Notre attention se porte sur les évidences issues des pays en développement afìn d’éclairer les interventions climatiques. Nous menons cet exercice d’apprentissage de manière directe en ex​aminant le secteur de l’énergie et de manière indirecte en analysant les évidences relatives au changement de comportement dans le secteur de la santé publique. Les deux secteurs présentent des exemples de changement transformationnel en termes d’ampleur, de profondeur et de durée. Nous identifions des enseignements sur le changement transformationnel issus de ces deux secteurs, pertinents pour les décideurs politiques.
Resumen
El estudio analiza evidencia robusta y causal de cambio transformador. Abordamos este tema mediante una revision sistemàtica de la literatura que tiene el potencial de documentar evidencia causai de cambio transformador en un amplio conjunto de intervenciones y resultados. Nuestro enfoque se centra en la evidencia encontrada en paises en desarrollo para informar intervenciones climàticas. Este ejercicio de aprendizaje fue realizado de manera directa, examinando el sector energètico, e in- directamente, revisando la evidencia sobre cambio de comportamiento en el sector de la salud pùblica. Ambos sectores muestran ejemplos de cambio transformador en términos de escala, profundidad y duración. Identificamos lecciones de cambio transformador en estos dos sectores relevantes para los responsables de la formu- lación de politicas.
Introduction
The Intergovernmental Panel on Climate Change (IPCC) estimates if greenhouse gas (GHG) emissions maintain their rise at the current rate (“business-as-usual”) by the end of this century average temperatures will have increased by 2.6 to 4.8 degrees Celsius and sea levels will have risen by 0.45 to 0.82m (Intergovernmental Panel on Climate Change, 2018). Although climate finance has risen considerably over the past years, it is still too low compared to the level required to achieve a global- warming scenario of 1.5 degrees Celsius (Buchner and others, 2019).
Recent levels of investment into low-carbon technologies fall short of what is required to meet mitigation targets (International Energy Agency, 2019). The same agency highlights the enormous scale of the challenge in transforming economies to a net-zero basis by 2050 (International Energy Agency, 2020). Shortfalls in funding are also present in adaptation finance (Global Commission on Adaptation 2019). This does not meet the needs expressed in nationally determined contributions (Neufeldt and others, 2018). UNEP (2021) highlights how the costs of adapting to climate change impacts in non-Organization for Economic Co-operation and Development (OECD) countries could be between USD280-500 billion per year by 2050, as impacts become more severe. Recent international public adaptation finance flows amount to around USD30 billion a year. Achieving both mitigation and adaptation goals requires change with scale, depth and duration.
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The Rationale of this Systematic Review
Transformational change has become the ultimate goal of climate change and devel​opment assistance. While there are examples of interventions with large effects (such as the Clean Air Act in the United Kingdom and United States), many interventions do not replicate well when scaled up, or work well in one context and fail elsewhere (Banerjee and others, 2017; Deaton 2010; Madrian 2014; Muralidharan and Niehaus 2017). The lack of systematic high-quality evidence may be more acute in the field of climate change interventions, where rigorous evidence has only recently started to grow (Prowse and Snilstveit 2010).
Our synthesis is a step towards learning more about transformational change. We do so by searching for robust, causal evidence. We operationalize “transformational change” as large effects (depth of change), over time (sustained change) targeting many beneficiaries or covering large areas (scale of change). We applied these crite​ria to a systematic search of two sectors that showed considerable transformational potential. In the energy sector in developing countries (for which we use the proxy of low and middle-income countries) we approached the search directly by systemati​cally reviewing experimental and quasi-experimental literature that has the potential to document transformational change across a broad set of interventions and out​comes. In the public health sector, we approach this learning exercise indirectly by reviewing the evidence on behaviour change. The public health literature has the lon​gest tradition of long-term causal studies on behavioural change. Such studies could inform successful strategies in other sectors, including energy and especially climate. We illustrate our definition and methodology is sufficiently flexible to be adaptable to two very different sectors and across different levels including the national macro​level, the meso-level of institutions and markets as well as the micro-level of firms and households.
The goal of our study is to identify lessons about transformational change in energy and in behavioural change in public health (in terms of interventions that led to large and sustained change at scale) to inform broader mitigation and adaptation invest​ments. Transformational change is a multi-dimensional process which cuts across economic, political, social and environmental spheres (see Feola 2015; O’Brien et al. 2015). Such changes alter the interplay of institutional, technological, economic dimensions of a given system, and can be precipitated by interventions at the macro-, meso- and micro-levels to unlock new pathways (see Mersmann et al. 2014).
This article, therefore, combines in an innovative way two different syntheses in different sectors and at a variety of levels into one learning exercise on transfor​mational change. It focuses only on experimental and quasi-experimental studies to allow a meta-analysis of identical intervention and outcome combinations to answer the question: what causal evidence is there of transformational change in the energy sector and on behavioural change in public health?
Contribution to the Literature on Transformational Change
Transformational change is difficult to assess for numerous reasons. First, it consists of several elements that are not the typical outcomes measured by empirical studies.
Instead, evidence for transformational change may be found across a wide range of potential outcomes, some of which are hard to quantify.
Second, restricting the examination of studies that “find” transformational change (that is, large effects at scale and sustained over time) risks finding only statistical outliers, rather than an unbiased reflection of the available evidence. Therefore, it is important to search for evidence across a wide range of interventions and outcomes in studies that have the potential to document transformational change, regardless of whether the individual study indeed highlights large effects over time.
Third, transformational change can be advanced in multiple ways, including through incremental changes that eventually combine with other factors to reach a tipping point, as well as through more rapid or sudden shifts. It is not always clear to what extent an intervention has been, or is currently, on a pathway to being trans​formational. Relatedly, experimental and quasi-experimental methods, seeking to explain causality in such complex intervention contexts and multiple outcome areas, are not always well-suited to capturing such changes, in terms of the depth and dura​tion required. For instance, system-wide interventions do not lend themselves well to (quasi-)experimental evaluations because a well-defined and sufficiently similar control group as well as a sample size large enough for statistical inference are mostly lacking.
Fourth, despite the availability of high-quality evaluations, finding evidence of transformational change—as defined here—put additional requirements on the data, such as the scope and time frame, which only a limited number of studies satisfy.
 At times, these requirements are not well-described, even if they are met.
The contribution of this article is two-fold; it provides a methodological founda​tion on which to assess transformational change, and it operationalises this approach by offering substantive results. First, we illustrate a framework on how to overcome the difficulties of systematically searching for evidence on transformational change. We then apply our approach to two different sectors. The energy sector is chosen to provide direct evidence on transformational change in the fight against climate change while the public health sector shall allow insights in how to achieve behav​ioural changes over time and at scale.
Categorisation of Interventions and Outcomes
This synthesis categorises interventions and outcomes within two broad Theories of Change (ToCs), one for each sector (see Appendices 1 and 2). These ToCs simultane​ously structure and define the scope of this study, helping to identify interventions that could result in transformational change.
For the energy sector, the interventions address climate change mitigation and adaptation, either through institutional and market system reforms, incentives and standards, “soft” behavioural interventions or through infrastructure investments. Outcomes include climate change mitigation, adaptation (via enhanced resilience of energy systems), labour-market co-benefits, and the transition to renewable energy sources.
In the public health sector, interventions target behavioural change in five key areas: nutritional (dietary) habits, physical activity, substance abuse, hygiene prac​tices, and healthcare utilisation. These behavioural interventions are categorised using the behaviour change wheel (BCW) framework proposed by Michie and others (2011), described in more detail below. The framework helps analyse liow interven​tions can influence behaviour change, and outcomes are linked to changes in health- related behaviour, infrastructure, and practices.
Behaviour Change Wheel
The BCW provides a comprehensive framework for categorising interventions and policies. The wheel is structured in three levels:
· Inner circle: This defines three essential sources of behaviour change: capability, opportunity, and motivation. These elements form the COM-B system (Capabil​ity, Opportunity, Motivation - Behaviour), which posits behaviour change occurs when at least one (preferably more) of the three elements is targeted. Capability includes both psychological and physical capacities, opportunity refers to social and physical contexts outside of the control of the individual, and motivation can be reflective (conscious decisions) or automatic (unconscious processes).
· Middle circle: This includes nine intervention functions that drive behaviour change by targeting the sources in the COM-B system: education, persuasion, incentivization, coercion, training, restriction, environmental restructuring (with social restructuring as a subset of this intervention function), modelling as well as enablement.
· Outer circle: This layer outlines seven policy categories that act as broader mech​anisms to enable the intervention functions: communication/marketing, guide​lines, fiscal measures, regulation, legislation, environmental/social planning, and service provision. These seven policy categories are not included in our theoreti​cal causal chain of results.
The BCW framework ensures interventions are designed to target the key aspects of behaviour change comprehensively.
Public Health Interventions and Outcomes
Public health interventions in this synthesis focus on behavioural changes within the five key areas outlined above. These interventions are categorised under tlie BCW’s nine intervention functions. For example, education campaigns are used to improve knowledge about healthy behaviours, and incentivisation strategies offer rewards for adopting positive health practices, such as increasing physical activity. Coercion is used in policies that limit harmful behaviours, such as smoking bans, while training provides people with the necessary skills for improving hygiene practices.

The outcomes of these interventions focus on long-term behaviour change, includ​ing action behaviours (e.g., seeking medical care) and consumption behaviours (e.g., purchasing nutrient-rich foods). These behaviour changes can have private benefits, such as quitting smoking, as well as broader public health benefits, like reducing pas​sive smoke exposure. This leads to the following abstract outcome categories:
1. Health-seeking behaviours with private benefits (e.g., seeking antenatal care to improve maternal health).
2. Health-seeking behaviours with social benefits (e.g., reducing transmission of diseases like measles or polio through vaccinations).
3. Consumption/purchasing decisions with private benefits (e.g., choosing fortified foods to prevent micronutrient deficiencies).
4. Consumption/purchasing decisions with social benefits (e.g., purchasing clean cooking stoves to reduce indoor air pollution, benefiting household members and the community).
Energy Sector Interventions and Outcomes
In the energy sector, interventions are designed to mitigate climate change and improve energy system resilience. These are grouped into four broad categories:
1. Institutional and market system reforms: privatisation, liberalisation, or the implementation of market-based mechanisms, like carbon trading.
2. Incentives and standards: this category draws on the BCW and includes incenti​visation (e.g., subsidies for renewable energy), coercion (e.g., carbon taxes), and restrictions (e.g., bans on high-emission technologies).
3. Soft interventions: based on the BCW, these interventions include education (e.g., raising awareness about energy conservation), persuasion (e.g., encourag​ing energy-efficient behaviour through media campaigns), and modelling (e.g., showcasing renewable energy projects as best practices).
4. Infrastructure investments: building or upgrading energy infrastructure, such as expanding renewable energy capacity, improving energy storage systems, and modernising distribution networks.
Outcomes in the energy sector are categorised into seven main areas:
1. Increased energy access - often achieved through investments in infrastructure like grid extensions.
2. Energy market development - driven by reforms in institutional and market systems.
3. Changes in energy consumption and demand - resulting from targeted inter​ventions aimed at shifting towards renewable energy and energy-efficient technologies.
4. Adoption of energy-efficient technologies - encouraged through incentives and standards.
5. Improved energy system resilience - enhanced through investments in climate- adaptive technologies such as smart grids.
6. Reduction in GHG emissions and air pollution - achieved by promoting cleaner energy sources and technologies.
7. Labour market co-benefits-job creation, particularly from investments in renew​able energy infrastructure.
To facilitate cross-sector learning, the behavioural outcomes within these seven cate​gories were coded as either action behaviours or purchasing/consumption behaviours.
Why is this Review Important
To our knowledge, there appears to be an absence of causal evidence on transforma​tional change in general, and in particular in relation to mitigation and adaptation. The study that is closest to our review is done by Lee and others (2013): it systemati​cally reviews the literature on organizational transformation, mainly in health care. Nonetheless, there are two key differences. First, their definition of “transformational change” is focused on organizational practices, whereas we looked at a much broader range of outcomes. Second, most of the studies included in their review are qualita​tive, whereas this study was purposefully confined to quantitative experimental and quasi-experimental studies. As such, this evidence synthesis addresses a gap in the literature on transformational change by using causal evidence on a broad set of inter​ventions and their effects on outcomes.
We contribute to the literature on transformational change in the following ways:
1. We discuss the attributes of transformational change by offering a precise definition.
2. While our evidence synthesis is broad in scope, we cover a precise, but exten​sive, list of interventions and outcomes within each sector as well as within clearly structured categories. This approach allowed us to search for evidence of transformational change across fields at the same time as keeping the scope manageable.
3. Our synthesis combines evidence gap maps (EGMs) with systematic reviews in the two sectors. EGMs are a convenient and simple-to-use tool for policymakers which illustrate evidence to allow informed decision making. EGMs highlight where research is comprehensive and where there appears to be a lack of such evidence.
4. In order to learn about causal evidence on transformational change, the system​atic reviews consist of a quantitative synthesis through meta-analyses. Further, our inclusion criteria are based on our own precise definition of “transforma​tional change”. For instance, we only included studies where data collection was done at least one year after the intervention. Whether transformational change occurred was the empirical question we addressed through our meta-analysis, acknowledging nonetheless the limitations noted above and throughout the paper.
5. We conduct meta-analyses with the data extracted from the selected quantitative studies for sufficiently saturated cells of the EGMs, which has not been common 

in the literature on transformational change. We do this with caution, given the limitations of this approach and its application to a complex concept. The results of the meta-analysis help determine aggregated effect sizes from robust quantita​tive evidence across individual studies and contexts. Doing so minimizes the risk that large effects of interventions are simply statistical outliers. We only present those intervention / outcome combinations where evidence for large effects at scale and over time exists.
6. We combine two systematic reviews in two different sectors—public health and energy—into one learning exercise about transformational change and explore how the lessons learned may inform climate change mitigation and adaptation investments.
Objectives
For the purpose of our systematic review, we operationalize transformational change by first setting clear screening criteria. For this, we set minimum thresholds for the scale at which an intervention takes place as well as for the duration of data collec​tion after intervention rollout. By setting these two thresholds, we filter out studies that focus on small-scale interventions or which cannot speak to the persistence of effects because longer-term outcomes were not collected or reported. We deliberately set these thresholds relatively low as stricter criteria could be set during the analysis stage while the reverse is not possible.
Importantly, a large depth of change is not a criterion when screening individual studies. Restricting the analysis to studies with large effects risks finding statistical outliers, rather than an unbiased reflection of the available evidence. Depth of change is our dependent variable when presenting the results of our meta-analysis.
Concretely, the following criteria operationalize transformational change in the context of our review:
· A large depth of change: Transformational change requires a sizeable change. For this synthesis, we think of change in terms of the effect size an intervention produced on the outcomes.
To define what a large impact is when discussing the results, we relied on previous lit​erature. Sawilowsky (2009) defines rule-of-thumb effect sizes for Cohen’s d as large if d=0.8 (and very large, if d= 1.2, and huge for d=2), based on a literature review and a contextualization of the effect sizes, as defined in Cohen (1988).
Cohen’s d is a relative measure of effect size—by putting the effect size in relation to its standard deviation. In addition, where the measurement of effects (in the whole sample or a subsample of studies) is done based on the same outcome measures and permits direct comparisons, we also compared and discussed effect sizes in original units.
· A large scale of change: The likelihood for an intervention to become an impor​tant contributor to transformational change increases with scale, that is, targeting many beneficiaries or covering large areas.
Given the variety of interventions within the two sectors, we considered interven​tions as large-scale if there are at least 1,000 individual beneficiaries,
or if they tar​geted an entire administrative area larger than a village (such as district, region, or state). Interventions at an even larger scale, such as at the level of provinces, are also included. While studies on truly large-scale interventions are certainly very informa​tive in terms of learning about transformational change, setting the bar too high risks leaving out many studies. This criterion therefore connects with the idea that trans​formational change requires system-wide changes.
· Sustained change: For a change to be transformational, it must persist over time.
The definition of “sustained” varies considerably in the literature (between six months and several years). In order to maintain coherence across studies, we con​sidered an effect to be sustained if it has persisted at least one year after the first full implementation of the intervention. So impacts arriving later than one year passed this threshold.
The question of whether impacts are likely to wane or increase over time may be different between the two sectors. In public health, the time required to form a habit may be relatively short (Lally and others, 2010) while stopping adoption of behav​iours is a strong concern. Therefore, behavioural change is unlikely to happen if it is not present after one year. By contrast, many energy interventions may take a long time to demonstrate impacts. We, therefore, acknowledge that the absence of large impacts in the energy sector after one year does not imply that large impacts may not arrive later. While studying longer time frames than one year would certainly be use​ful, setting the threshold higher would risk leaving out many studies.
2. Methods
The Overall Systematic Review Design Approach
In conducting the review, we follow the associated protocol (Aitmambet et al., this issue) pre-registered at Prospero (2020). To summarise, we only looked at studies that met the following criteria:
· Measured effect sizes (allowing us to search for interventions that produce a large depth of change).
· Sufficiently large in their scope or coverage (reflecting the possibility for a large scale of change).
· Collected data over a prolonged period (reflecting the possibility of sustained

change).
These three criteria are closely linked to our definition of “transformational change”. Note, however, the criteria were only designed to find studies that have the potential to document transformational change. Crucially, the size of the estimated effect was not used to filter out studies.
Following Petticrew and Roberts (2006), we used the PICOS (population, inter​vention, comparison, outcome and study design) model to describe the inclusion and exclusion criteria. The tables, including the summary of the inclusion and exclusion criteria for both sectors, can be found in Appendices 3 and 4. Pilot screening led to minor adjustments compared to the protocol.
The criteria for inclusion and exclusion of individual studies and systematic reviews apply to both EGMs and systematic reviews.
Intervention-Outcome Framework for the Review
We included interventions rolled out in developing countries and use LMICs as defined by the WB categorization (2020) as a proxy. Thus, we excluded studies that included developing countries but did not separately report results for these countries. In the energy sector, we excluded interventions targeted solely at children (below the age of 12) because they are generally not the main agents of climate mitigation and adaptation. Included interventions, therefore, targeted adults, adolescents, firms and any form of social grouping (such as cooperative or producer organisation). In the health sector, interventions that targeted the behavioural change of adolescents or children (below the age of 18) were excluded as we wished to study long-lasting change, about which we may learn more general lessons from adults who have more solidified personalities than adolescents.4
Since our major outcome - transformational change - cannot be directly measured, we included a broad range of outcome metrics to be later synthesized through the meta-analysis. Our list of outcomes is based on the ToCs provided in Appendices 1 and 2.
Criteria for Inclusion and Exclusion of Studies in the Review
We considered studies that have a clearly defined comparison group to allow for the evaluation of the effects of the intervention. The nature of the comparison group depends on the type of research design used in the study and could include both active and passive groups.
Based on the research design, we included studies under two major groups:
· Experimental designs This type of study specifically uses the random assignment of intervention to the treatment group and evaluates the effect by comparing the outcome with a comparison group by using an appropriate methodology.
4While it would have been interesting to compare adults and adolescents, it is beyond the scope of this paper.
*
· Quasi-experimental designs These methods include and are restricted to regres​sion discontinuity design (RDD), instrumental variable, difference-in-differences (DiD), propensity score matching (PSM), and Heckman selection models. For the health sector, in addition to these aforementioned methods, we also used inter​rupted time series and controlled before-after studies, given their relevance in the health literature.
We excluded studies conducted outside the 1990-2020 time frame in the energy sec​tor and before 2000 in the public health sector, or those that do not include a separate sample from developing countries. The differing time frame choices are due to the difference in the number of studies published in the two sectors and the fact that studies on behavioural interventions in the public health sector gained traction since 2000.
Searching for Evidence
Databases, Repositories, and Individual Journals
The choice of databases, websites and key journals was guided by the relevance and comprehensiveness of their coverage of the sectoral literature, as listed below.
(i) Public health.
1. Databases·.
a. EconLit (via EBSCO).
b. Global Health (CAB- Ovid).
c. Medline (Ovid).
d. Web of Science (Social Sciences Citation Index).
2. Websites of agencies and research institutes:
a. Campbell Collaboration https://campbellcollaboration.org/.
b. Cochrane Database of Systematic Reviews https://www.cochranelibrary.com /cdsr/.
c. Collaboration for Environmental Evidence https://www.environmentalevidence.org/.
d. International Initiative for Impact Evaluation: 3ie Development Evidence Portal https://developmentevidence.3ieimpact.org/.
(ii) Energy.
1. Databases:
a. Academic Search Complete (via EBSCO).
b. CAB Abstracts (via EBSCO).

c. EconLit (via EBSCO).
d. GreenFILE (via EBSCO).
e. Web of Science (Social Sciences Citation Index, Science Citation Index Expanded, Emerging Sources Citation Index).
f. World Bank eLibrary (via EBSCO) 

2. Websites of agencies and research institutes:

a. African Development Bank https://www.afdb.org/en.
b. Asian Development Bank https://www.adb.org/.
c. Campbell Collaboration https://campbellcollaboration.org/.
d. Collaboration for Environmental Evidence https://www.environmentalevidence.org/.
e. 3ie Development Evidence Portal https://developmentevidence.3ieimpact.or g/.
f. National Bureau of Economic Research https://www.nber.org/.
g. Swedish International Development Cooperation Agency
 https://www.sida. se/English/.
3. Key journals:3
a. Energy Economics.
b. Energy Journal.
c. Energy Policy.
4. Snowball searches:
We included targeted snowball searches (cited and citing the literature of included studies) to ensure that the selection of papers included in our meta-analysis was complete.
Search Terms
The search terms were organized in six different categories that reflected the inclu​sion criteria and the sector-specific theories of change. The search terms within each category were combined with the “OR” Boolean operator, whereas the “AND” oper​ator was used to combine the different categories of search terms.
1) Long-term or large-scale: This category encompassed terms used to describe studies carried out over a longer timespan or at a large scale.
2) Methodology: These terms captured the study design of experimental and quasi​experimental methods (for more details, see the inclusion/exclusion tables in online appendices).
3) Countries: As a proxy for developing countries, all LMICs, as well as general terms describing LMICs, were used.
4) Interventions: Terms were based on sector-specific ToCs.
5) Outcomes: Terms were based on sector-specific ToCs.
6) Sector-specifying terms: This category contained terms used to describe the respective sectors.
In the energy sector, five categories (numbers 2 to 6 in the list above) were combined through the “AND” operator because the total number of search results was below the target of 7,500. In public health, the number of studies was well above the target of 15,000;9 therefore, the long-term or large-scale search terms were also applied (category 1).
The search strategies were tested against a set of benchmark studies in each sec​tor.
 If more than two-thirds of the benchmark papers could be retrieved through the database searches, the search strategy was deemed satisfactory. For the energy sector, the final version of the search strategy captured 83.33 per cent of the benchmark stud​ies; in public health, the target was just slightly above the threshold at 68.75 per cent.
The exact comprehensive search strategies and search results for one of the data​bases—the Web of Science—are provided in online appendices.


Data Collection and Analysis
Selection of Studies
1) ) Screening and selection of studies for the evidence and gap maps (EGMs).
The Africa Centre for Systematic Reviews & Knowledge Translation carried out the screening process of the studies were included in the sector-specific EGMs. Screen​ing was done in several steps for each sector, wits two separate screening processes:
First, pilot screening aimed to ensure coding tools were well understood and adapted where necessary. Titles, abstracts, and keywords were screened to exclude any irrelevant studies. Pilot screening and coding was done by a pair of coders (dou​ble coding) in EPPI Reviewer 4—a web-based software programme for managing and analysing data in literature reviews (https://eppi.ioe.ac.uk/EPPIReviewer-Web/). The results of the pilot screening of 200 studies were considered satisfactory once the overlap between inclusion decisions of both screeners after reconciliation was above 80 per cent.
Second, post-pilot screening of studies was conducted. In order to save time, given the wide scope of the literature search, this stage was assisted by the priority-screen​ing algorithm embedded in EPPI Reviewer 4. The pilot screening entries of the 200 studies initially trained the algorithm; it was then progressively updated in the course of screening the remaining studies.
Third, we applied the specified inclusion/exclusion criteria to the full text and determined whether the study should be included. We recorded all search results, including the reasons for exclusion, at the full-text screening stage. These results are presented in the following PRISMA diagrams.
 At least 20 per cent of the studies were double screened by a second reviewer. Disagreements were resolved through discussions with the core evaluation team. Systematic reviews were screened based on their inclusion criteria. If the systematic review met all our inclusion criteria, it was passed on for data extraction and shown in our EGMs.
Selection of Studies for the Systematic Review
One crucial step of our methodology was pooling similar studies for the meta-anal​ysis. Given the wide scope of the two sectors, similar studies were difficult to define ex-ante. For the statistical synthesis, the similarity between the studies was defined conceptually and statistically. In order to be selected, studies need to share an under​lying conceptual hypothesis (Cooper 2010) and measure outcomes in statistically comparable and convertible ways.
As our synthesis covers a wide range of interventions, outcomes, and research questions, we did not know in advance which included studies would share a con​ceptual hypothesis. We, therefore, approximated similarity through the location of

the studies within our EGMs, assuming that studies in the same cell are conceptually similar and statistically comparable.

As the EGMs show, there is, however, considerable heterogeneity between studies within the same cell. Further, there are different possibilities for classifying stud​ies, leading to different potential EGMs. Instead of mechanically selecting populated cells, they only served as a starting point. We investigated tlie cells and assessed those with a sufficient number of similar studies—conceptually and statistically.
Here, we describe the steps to pool studies for the meta-analysis.
From a conceptual point of view, we asked whether a given set of studies could be grouped under one overarching conceptual hypothesis, that is, we tested the effective​ness of the same well-defined intervention on comparable outcomes. In the energy sector, cells at the subcategory level had the best chance of finding a common con​ceptual hypothesis. In the health sector, two levels were considered—first, the level of the subsector within health, and thereafter, within those subsectors, all intervention function levels. For both sectors, we then identified the studies that were potential candidates for inclusion in the meta-analysis.
At the same time, we needed to identify how many studies could be pooled on sta​tistical grounds. While all conversions among different effect measures (for example, based on Cohen’s d or odds ratio) are based on statistical assumptions that may be violated in practice, it is recommended to use conversions, rather than omit studies that use a different effect measure (Borenstein and others, 2011). Statistical diffi​culties arise when the intervention effects are measured as regression coefficients because statistical models are rarely the same across studies. Therefore, where pos​sible, we favoured effect measures based on a direct comparison between treatment and control groups.
After conducting both steps, we identified all combinations of interventions and outcomes with at least 10 studies that could be pooled in a meta-analysis.
Data Extraction and Management
The final studies included in the EGMs after full-text screening were coded using a pre-piloted extraction form (see the online appendices) by two coders. Disagree​ments were resolved through discussions and third-member involvement. Data extracted during this stage included information necessary to generate the EGMs, such as potential filters. Study results were not extracted at this stage.
Data extraction for studies selected for the meta-analysis was done by one coder, with extensive quality checks by another coder. The forms used to extract data for the meta-analyses can be found in online appendices.

Analysis
The goal of the analysis was to search for evidence of transformational change. For eacli sector, the analysis proceeded in the steps listed below.
· We constructed EGMs, with interventions listed along the Y-axis and outcomes along the X-axis, to document evidence and gaps for each sector.
· We then concentrated on the sufficiently populated cells within each map to me- ta-analyse the available evidence on conceptually similar studies, as described above.
· We ran meta-analyses of comparable studies. On a statistical level, we made stud​ies comparable by calculating the same standardized effect size across studies wherever necessary and possible. We also investigated publication bias and ran sensitivity analyses on the distribution of the effects. Based on the general advice in tlie literature (Borenstein and others, 2011) and simulation results, 10 studies were set as the lower bound in the test for heterogeneity, and therefore, the assess​ment of the generalizability of the results.
Meta-analysis is a statistical procedure used for synthesizing effect sizes from multi​ple studies by weighting them by their precision. A meta-analysis follows a two-stage process. In the first stage, a summary statistic is calculated for each study to describe the observed intervention effect on the same scale. In the second stage, an overall (combined) intervention effect estimate is calculated as a weighted average of the intervention effects estimated in the individual studies whereby large, precise stud​ies carry more weight than small, variable studies (see Gurevitch and others, 2018).
We report effect size estimates from the meta-analysis graphically on forest plots to illustrate the effect size and corresponding confidence interval for each study, along with the overall effect size of all included studies and the corresponding overall confidence interval. The examination of heterogeneity (variability in the intervention effects) and reporting biases in study results is also presented.
Meta-Analysis
Measures of Treatment Effect - Methods for Handling Dependent Effect Sizes
We used two different approaches for the two sectors, given the variations in the types of studies included for the meta-analysis.
In the energy sector, since all the papers in the two cells selected for meta-analysis are from regression models with similar outcomes, the treatment effect is comparable for all variables and coefficients, even when unstandardized. In order to determine whether the overall effect is large or small, we also converted effect sizes (and stan​dard errors) to a standardized mean-difference effect size, the Cohen’s d (a com​mon effect-size metric across studies), using a standard t-stat transformation as, for instance, done by Waddington and others (2019).
Within the health sector, effect sizes (and thereby, the standard errors) reported in studies are based on different types of models, where none of the abstract out-
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comes are reported. Essentially, studies included in the meta-analysis comprised either broadly similar interventions (that is, handwashing before eating versus the frequency of handwashing in one day) measured differently (that is, odds ratio versus difference in means), or comparable mesures for non-comparable interventions (that is, handwashing versus immunization). Therefore, to meta-analyse the studies we converted all effect sizes to Cohen’s d, using a t-stat transformation in the case of regression coefficients.
In general, effect sizes can be separated into two types: those based on a regression and those based on binary data that can be described in a two-by-two table. Instead of finding a formula for each measure individually, and risking conversions not being equivalent, we tried to use the same conversion as frequently as possible. For all measures describing binary data, we calculated the two-by-two table from the infor​mation given in the paper (accepting that there would be rounding errors), and from there, calculated the odds ratio. We then followed Borenstein and others (2011) for the conversion of the (log) odds ratios into Cohen’s d. For the effect measures based on regressions, we followed the same method as described for the energy sector at the beginning of this section. The formulas for the conversion of effect sizes into Cohen’s d for both sectors are provided in online appendices. For the conversion, we excluded studies that do not provide sufficient information, whether it is due to missing sample sizes or insufficient statistical testing.
For synthesizing the raw coefficients from regressions, the following approach was implemented. We only included studies where the intervention was coded as a dummy variable, because this allowed us to have a comparably defined treatment variable across studies. Second, we then searched for the regression model that would estimate the unconditional intervention effect most precisely and with the least bias. In order to evaluate which regression model is preferable, we were guided by the opinion of the study authors. If the study authors do not make such a claim, we used the most informative model (judged by information provided such as R-squared).
For the public health sector, one additional step was carried out after the conver​sion into Cohen’s d. After conversion, the comparable/similar outcome effect sizes within the same treatment arm were aggregated to arrive at a final dataset. It includes effects measured at the treatment arm level (instead of at the outcome or study level). This step is necessary for two reasons, both related to avoiding bias in the meta-anal​ysis later: to ensure that (1) we do not double-count large effects for two outcomes from the same treatment arm and study, and (2) we do not inflate the sample size related to one type of outcome versus another. To combine comparable effect sizes, the converted estimates were averaged (to keep the sample size constant, instead of inflating it per effect size in the treatment arm) and the entire data set was collapsed to keep only the combined values per treatment arm. Therefore, in the public health sector, the effects are not considered at the study level, but at the treatment arm level.
Dealing with Missing Data
All the studies finalized for data extraction had to contain information to permit the calculation of comparable effect sizes. This was a larger challenge in the public health sector, where there were a variety of different measures, meaning the analysis 

needed to be done on standardized effect sizes. In practically all Cohen’s d conver​sions, the sample size of treatment and control group played a role.
In order to account for missing information, we used the following assumptions:
· Sample size in treatment or control group: In certain cases (the most problematic being DiD regression studies), a clear control or treatment group size was not provided. In tliis case, assumptions were made on the basis of the sampling proce​dure, or by simply halving the overall sample size, where there was no indication of an unbalanced treatment or control sample.
· Back-calculation of the standard errors from t-statistics, p-values, standard devia​tions, and confidence intervals: Due to heterogeneous reporting in studies, the standard error required for the meta-analysis was missing in many cases. In order to generate this information, a back-calculation was required from the other in​formation. For instance, in the case where the t-statistic is provided, the standard error was derived by dividing the beta coefficient with the t-statistic.
Assessment of Heterogeneity
We tested for heterogeneity across studies and reported the amount of heterogene​ity through the usual Tau statistic and the I-squared statistic. Tau denotes the stan​dard error of true effect sizes in the original units, whereas I-squared measures the percentage of variability across studies that is not due to sampling error, but rather the differences in the study population, intervention, and implementation. Thus, Tau indicates the stability of an average true effect size across studies, while the I-squared allows for a rough categorization of heterogeneity (Borenstein and others, 2011). As I-squared is heavily dependent on the extent of the sampling error, and many studies we included have large samples (consequently, low sampling error), a high I-squared does not tell us much about the heterogeneity in time effect sizes. We, there​fore, focused our assessment of heterogeneity on Tau.
If substantial heterogeneity was present, we investigated what factors explained it by conducting a moderator analysis, including a subgroup meta-analysis and a meta-regression. For sufficient statistical power in meta-regressions, we followed Borenstein and others (2011) who recommend that each covariate (from the cod​ing of studies) contains at least 10 studies. Where studies are sufficiently similar to be comparable, we ran meta-regressions across sufficiently populated cells in both EGMs.
Finally, we used contour-enhanced funnel plots and corresponding regression methods (Stanley and Doucouliagos, 2014) to assess small-study effects that can arise due to the publication bias.
Data Synthesis
In terms of software, we used the Stata meta-analysis package for the entire analysis, and the meta forest plot command to generate the forest plots. The meta-analysis was conducted, using a random-effects model (the reml option within the aforementioned Stata package), given the large heterogeneity in our studies.
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For the energy sector, the analysis was carried out for the two main cells selected from the EGM stage. Forest plots were generated for non-standardized and standard​ized values for the effect sizes in both cells. Additionally, subgroup analyses, outlier detection, and funnel plots were performed in order to explore the sources of hetero​geneity and as sensitivity tests.
For the health sector, the analysis was conducted at the level of the abstract out​comes in order to explore the impact of the intervention functions on the abstract out​comes, as defined in the ToC. Therefore, the overall effect sizes are first reported for the total sample, then for all four abstract outcomes, and then for the eight interven​tion functions for which data was extracted after the EGM stage. We explored het​erogeneity across the various intervention functions by abstract outcome subgroups.
For the public health sector, the large number of studies also allows for a meta​regression (using the meta regress command in Stata) of the overall sample, samples grouped by abstract outcomes, and intervention function samples. The moderators used in each of the regressions are similar. A dummy variable for each of the regions and for the outcome measure (odd’s ratio, means, hazard ratio, etc.) were included. In addition, moderators for all intervention functions were also used. For the inter​vention-function-specific samples (that is, those focused on education, enablement, modelling, incentives, persuasion, training, physical restructuring or it’s sub set of social restructuring, as coercion and restriction did not feature in any interventions), the other intervention functions (that is, all intervention functions except education, in the case of the education sample) were included as moderators.
Assessment of Risk of Bias in Included Studies
The main reporting biases we discuss in this report are those arising from publica​tion bias. In order to test for publication bias, we used the Stata meta bias command that applies a refined version of the Egger’s test (Egger and others, 1997), where the standardized effect sizes are regressed on their precision, as given by standard errors in this case. A significant correlation between the two shows a “small-study effect” that could be due to publication bias.
Other potential biases are tackled within the risk-of-bias assessment for each study selected for the meta-analysis. The assessment was undertaken, using a tool modified and pilot-tested from the Campbell Collaboration framework for assessing the qual​ity of studies included in reviews (see online appendices). This framework applies the following six items to assess the quality of evidence in included studies: study design (to ensure that potential confounders are considered); clarity of intervention definition; clarity in the definition of outcome measures and reliability; baseline bal​ance tests; sample representativeness of large-scale interventions; and the precision of estimates.

3. Results of the Screening and the Construction of EGMs
Search Results for Energy and Health Sectors
In the energy sector, a total of 8,710 studies were found in all databases combined, of whicli 96 finally entered the EGM. The flow of studies is shown in the PRISMA diagram (Fig. 1).
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Fig. 1 PRISMA diagram for the energy sector evidence and gap map


Of the 7,092 studies screened, 269 were included after title and abstract screening. Out of these 269 studies, 96 were included after the full-text screening and passed on to data extraction for inclusion in the EGM. Note that many studies failed to meet multiple inclusion criteria; however, during screening, only one of these criteria was marked for the exclusion of the study. The full list of included studies and screened studies is provided in online appendices.
In the healtli sector, 21,477 studies were included for title and abstract screening in EPPI Reviewer 4. After screening over 12,000 studies, the inclusion rate of studies dropped significantly, where even after 400 further papers, no additional studies were coded as included. Figure 2 provides the final numbers after full-text screening and reconciliation at both levels, with a total of 144 papers included in the health EGM.
Of the total 144 selected studies in the public health EGM, 120 were impact evalu​ations, while the remaining 24 were meta-analyses or systematic reviews. The list of
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Fig. 2 PRISMA diagram for the health sector’s evidence and gap map
final included studies can be found in the references. The set of all 21,477 screened studies is provided in an online appendix.
Evidence and Gap Maps
In this section, we briefly describe the evidence from the EGMs generated for both sectors. Interactive EGMs, with the links to included studies, can be accessed online. 14 The intervention and outcome categories that both define the scope of each sec​tor and were used to code the studies are described in the inclusion and exclusion tables (see the online appendices). Additional graphs, with descriptive statistics for the EGMs, can also be found in online appendices.
Energy
Within the EGM, the unit of analysis is an individual study, whereby every entry represents a combination of an intervention and an outcome. A single study can have several outcomes or interventions, and therefore, may be entered into several catego​ries simultaneously (see Table 1). The interlinkages between the different categories can be seen in the interactive EGMs online. It is important to note the following graphs depict the results only for the impact evaluation studies and not systematic reviews or the meta-analyses, as is also the case for the public health sector.
The studies in the energy sector are relatively evenly split across most interven​tion categories, with “soft interventions” showing the lowest frequency, as shown in Fig. 3.
In terms of outcomes, the largest category is “energy consumption and demand”, followed by “GHG emissions and pollution” (see Table 4). By contrast, only a few studies covered outcomes in the categories of “energy market development” and the “resilience of energy systems (adaptation)”. This shows the majority of studies focus on climate mitigation, with few covering resilience or the adaptation of energy sys​tems (Fig. 4).
In the energy sector, most interventions took place in “East Asia and Pacific”, largely due to China being, by some distance, the country with the highest frequency of included studies.
Public Health
In the aggregate map below, we present the characteristics of the 120 studies (of the 144, 24 were systematic reviews) included in the EGM (see Table 2). The row totals report the number of times the intervention function was reported in the total sample, while the column totals indicate the number of studies reporting the particu​lar abstract outcomes. Since the intervention functions were often combined with other intervention functions, and several papers report on many (and even all four)
14 The links to the EGM reports are provided in online appendix. The online EGMs are available at https:// ieu.greenclimate.fund/sites/default/files/page/public-health-egm-july2021.html and https://ieu.greenclima te.fund/sites/default/files/page/energy-egm-july2021.html.

	Outcomes
Access to ener-
Energy market
Energy con-
Adoption of more
Resilience of
Interventions
gy and supply
development
sumption and
energy- efficient
energy systems
of energy
demand
technologies
(adaptation)
	GHG emis-
Labour market Total
sions and
co-benefits
pollution

	Institutional and market systems
11
8
13
7
4
Incentives and standards
10
7
20
13
3
Soft interventions
7
1
14
9
6
Investments into infrastructure,
24
5
30
13
7
equipment, and technologies
Total
35
13
51
25
11
	26
3
41
12
4
29
8
7
18
11
28
45
42
30
96


Table 1 Map of studies in the energy sector, by outcomes and interventions
Scale, Depth and Duration: Examples of Transformational Change in..
abstract outcomes, the row and column totals are overlapping and do not sum to the total of 120. Each cell in the aggregate map depicts the study level (where the coding was done) overlaps between each intervention function and the particular abstract outcome.
As can be seen in Fig. 5, the most prevalent intervention function used to change behaviours within the health sector is enablement, with 64 out of the total 120 stud​ies using this function in some form. Enablement is a relatively broad category that includes any kind of behavioural support, as well as interventions with an indirect enabling effect, such as medication and surgeries. At 61 studies, persuasion ranked the second highest. This is not hard to imagine, given that all visual or oral communi​cation aimed at persuading participants is part of this intervention method. The other prominent intervention functions are training and education (for example, informa​tion campaigns).
Given the distribution of studies per intervention function, the results are also reflected within tlie COM-B model sources of behaviour, as shown in Fig. 6 below (the definitions of these sources of behaviour are provided in online appendices). Therefore, reflective motivation, that is, increasing knowledge or understanding, or eliciting positive (or negative) feelings about the behavioural target, is the most com​mon source of beliavioural change coded. Imagery and information campaigns, as well as training, are all interventions that target reflective motivation.
In Fig. 7 below, we can observe the most commonly measured (behavioural) out​come in the public health sector is antenatal care (ANC) uptake. The following rank outcomes are institutional delivery, food intake/preparation, followed by postnatal care (PNC) uptake and medical check ups.
The distribution of original outcomes within the study sample is reflected in the abstract outcomes coded within the EGM. Here, health-seeking behaviour, with largely private benefits, is the category that has the highest number of studies, given that improvements in ANC/PNC uptake, institutional delivery, along with food intake and preparation, are action behaviours with largely private benefits. Consumption and purchasing decisions that have largely private benefits fall under the second- highest category, as reflected from all the hygiene practice outcomes, such as toilet construction or water treatment.
Finally, the number of studies per subsector shows the utilization of the health services is the most frequent area (Fig. 8). There are also a considerable number of studies found within hygiene practices, as well as nutritional and dietary practices. From the graph, physical activity and substance abuse do not fulfil the criterion of a minimum of 10 studies and are, therefore, not suitable for meta-analysis.
From the five regions coded, the largest number of studies are from sub-Saharan Africa (52) and followed by South Asia (42 studies).
Description of Studies for the Systematic Reviews
This section describes the studies included in the systematic reviews.
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Fig. 3 Number of studies, by intervention category, in the energy sector
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Fig. 4 Number of studies, by outcome category, in the energy sector
Energy
On a conceptual level, two cells in the energy EGM stand out as candidates for meta​analysis. The first is the intersection of the intervention subcategory “investments into energy transmission, distribution and storage of electric energy systems” with the outcome subcategory “employment in the formal sector”. In this cell, there are 22 studies on the effects of grid investments on formal employment. Among them, almost all studies address the benefits of rural electrification, and are therefore, closely linked. The second cell is the intersection of the intervention subcategory “privatization, liberalization, and the introduction of market-based mechanisms” with the outcome subcategory “CO2 emissions”. Here, we find 22 studies on the effects of China’s pilot carbon trading scheme on GHG emissions.
In addition to our initial searches, we conducted targeted snowball searches for these two cells. For the first cell, we found one additional paper, and for the sec-

Table 2 Map of studies in the public health sector, by abstract outcomes and intervention functions
	Intervention function*
	Health- seeking
Health-seeking
Consumption/
Consumption/ Total
behaviour-pri-
behaviour-
Purchasing
Purchasing
vate benefits
social benefits
decisions-pri-
decisions-so-
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cial benefits

	Coercion
Education
Enablement
Incentives
Modelling
Persuasion
Physical restructuring
Restriction
Social restructuring
Training
Total
	0
0
1
0
1
23
11
15
15
47
27
10
25
17
64
13
9
8
3
26
4
6
4
5
15
31
12
12
20
61
11
1
4
11
26
1
1
0
1
3
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5
3
10
36
26
7
15
14
51
57
24
34
30
120


Each of the intervention function terms is defined and described above. Kindly also refer to the online appendices for definitions of key terms of the behaviour change wheel
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Fig. 5 Number of studies, by intervention functions, in the health sector
ond cell, we found 12. These numbers do not reflect any limitations of our original search, as all but one of the papers found were published after we conducted our main searches.
In the first cell, the papers all aim to measure the employment effects of electrifica​tion. The degree of electrification in the world has continued to rise over time—cross​ing tlie thresliold of 90 per cent for the first time in 2019 according to World Bank Data (World Bank 2021a). The studies in this cell provide evidence on the labour market co-benefìts of these interventions. Most of the remaining population who still lack access to electricity live in sub-Saharan Africa, due to the significant increases in electrification in South Asia over tlie last decades (from around 45.5 per cent in 1994 to 94.4 per cent in 2019-World Bank 2021b). Despite the increase in the electrifica-
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Fig. 6 Number of studies, by source of behaviour, in the health sector
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Fig. 7 Number of studies, by original outcomes, in the health sector
tion rate in sub-Saharan Africa from 26 per cent in 2000 to 46.8 per cent in 2019, this region is still where most future electrification will need to take place.
Due to the nature of the intervention, many of the papers focus on rural settings. While the labour markets in the locations the papers investigated could vary due to the geographical breadth of the papers included, they share similarities that follow from both setting and situation—rural and without access to electricity. The papers in this cell differ regarding how botli electrification and labour market effects are measured. Electrification measurements tend towards measuring either the village or municipal electrification rate or whether a household is connected to the grid (either directly, or indirectly, based on whether it uses an electric light). For measurements of labour market effects, two approaches were identified: measuring employment status and time spent in work activities. Of the 22 papers in the cell, 15 papers measure employment status, nine measure time spent in work activities on various scales, and
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Fig. 8 Number of studies by subsector, in the health sector
two measure both. Due to the differences in interpretation, we did not combine these groups in the meta-analysis. Additionally, due to a lack of comparability and the dif​ficulty of calculating a comparable estimate, we excluded studies that do not present linear probability models unless they report their outcomes as marginal effects at the mean. This meant excluding one study completely that only uses the time measure. We decided to further investigate employment status in our subsequent analysis.
Of the 15 studies selected for the meta-analysis, five were conducted in sub-Saha​ran Africa, five in South Asia, along with five in Latin America and the Caribbean. While none of the papers looked exclusively at urban settings, five papers investi​gated effects for both rural and urban settings.
The second cell collected papers that investigate market-based mechanisms to reduce CO2 emissions, in particular, the emissions trading system (ETS). All papers in this cell attempt to measure emission reductions from the introduction of the Chinese pilot ETS. Between August 2013 and February 2014, China implemented an ETS in Beijing, Chongqing, Guangdong, Hubei, Shanghai, Shenzhen, and Tianjin. In Febru​ary 2021, China started expanding the ETS to cover the entire country (although still only in selected industries), which suggests the government considered the pilot to be a success. Once folly rolled out, the Chinese ETS will be the largest ETS in the world by far, covering one-seventh of the global CO2 emissions from fossil fuels (Interna​tional Energy Agency, 2020). How effectively the Chinese ETS reduces CO2 emis​sions is, therefore, one of the most important questions for climate change mitigation.
Because of the initial selective implementation in only some regions, instead of the whole country, the situation could serve as a quasi-experiment, allowing for papers investigating the effects to fall within our inclusion criteria. While all the papers investigate data based on the same events, their methods and choices regarding data and time periods differ. Although all papers use DiD analysis, they vary regarding the unit of analysis—from whole regions to individual firms. The largest difference between the papers is the clioice of what measure of CO2 emission to use: while some papers report carbon intensity or carbon productivity, most papers rely on either tons of CO2 emissions or their logarithms. To ensure comparability of the measures, based
*
on the number of available studies, we decided to exclude studies that only measure carbon intensity or carbon productivity.
Of the initial 10 studies from our original search, only five report the logarithm of carbon emissions, but after adding the papers found through snowballing, that number increased to 12. Only two of the original 10 studies measure GHG emissions in CO2 equivalents, but even after adding the papers found through snowballing, this number only increased to seven. While these two outcomes may seem similar enough to combine within a single meta-analysis at first glance, CO2 equivalents are an addi​tive change (reduction by X amount) while the logarithm of CO2 equivalents is a multiplicative change (small changes equivalent to reduction by X percent). As these are inherently measuring different concepts, these effect sizes should not jointly be used for meta-analysis. Further, the effect size of absolute carbon emissions is highly dependent on the context and dataset used. For example, some datasets use firm-level data while others use province-level emissions. In the latter, different industries may or may not be included. This makes the aggregation of effect sizes without including further context potentially misleading. Therefore, we decided to conduct the meta​analysis with only logarithmic CO2 emission outcomes. As the Chinese ETS pilot was announced in 2011 and initiated in 2013-2014, long-term effects over multiple years would only be visible in recent data. This explains the large number of very recent studies that had not been published, and therefore, could not be retrieved at the time of our initial database search, but were later found through snowballing.
Public Health
For the public health sector, the large number of studies implies considerable hetero​geneity in study design, outcomes, and measurement (methods). This was particu​larly obvious when tabulating the different types of treatment arms coded for the 120 papers, whereby the most frequent treatment arm (enablement plus incentives) was reported in only 13 studies, followed by 10 studies for enablement alone. In order to facilitate the comparison between studies, we decided to proceed with a subsample of studies with the largest intersection in intervention functions in their treatment arms. Therefore, all the included studies have to be part of a sample of a minimum of 10 studies reporting the same combination of three intervention functions.15 At the end of this process, we selected a total of 63 studies with relatively similar intervention function combinations in their treatments.16 Through this method, we were certain that we were comparing similar types of study designs.
15 We first coded all 720, that is, 10 x 9 x 8 combinations of intervention functions (excluding combinations of the same intervention functions, such as education x education x education & education x education, we got 280 less combinations). After summing up the frequency of each combination, those combinations that had at least 10 studies were kept, while all studies that were part of the combinations with less than 10 studies were dropped. In case there were more than 10 studies with only one intervention-function type (enablement, for instance), or two intervention-function types (enablement and incentives, for example), these studies were automatically included.
16 The combination search left us with 56 studies, to which seven of the benchmark papers were added. The benchmark studies were identified through a screening process before the search strategy and screening for the remaining papers were implemented. These were also the studies that informed the search terms
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Due to the low frequency of evidence from two sub-sectoral areas of physical activity and in particular substance abuse these were excluded. Therefore, the meta​analysis focuses only on three sub-sectoral areas—the utilization of health services, hygiene practices, along with nutrition and dietary habits—to gather evidence on transformational change. Consequently, the evidence we examined was further orga​nized, based on frequency of outcome types across the subsectors. The meta-analysis by subsector was restricted by low sample sizes when considering the additional intersection between the intervention function and abstract outcome types.
The goal of the meta-analysis was to examine the role of the various intervention types on the four abstract outcomes. For this analysis, we, therefore, focused on those intervention functions that are most frequent and likely to yield an adequate amount of effect sizes per cell.
Of the total 63 studies selected based on the commonality in the intervention func​tion, 53 studies were included in the meta-analysis. This reduction stems from the difficulties we faced regarding the comparison of the study results. One of the main issues was some studies did not focus on measuring behaviour but included it as an intermediate result. This frequently led to a lack of statistical information that led to the exclusion of the paper. A prime example is Memon and others (2015), whereby the aim is to reduce perinatal and neonatal death through a community-based inter​vention that also targets the pregnant women’s behaviour. Unfortunately, the lack of a measure of precision for the effect size led to this study being dropped from our sample. Another consequence of the same issue is that the behavioural outcomes are not directly reported. To illustrate, Triyana and Shankar (2017) investigate the effec​tiveness of a conditional cash transfer programme on antenatal coverage and quality. Although the intervention, in principle, is aimed at increasing the use of antenatal care, this is not directly measured. Instead, the paper reports statistics on which ser​vices the women received. In general, the greater amount of care received coincides with more women accessing antenatal care, but for the purpose of this synthesis, these outcomes do not directly measure behaviour.
Of the 412 relevant effect sizes extracted, the analysis was restricted to a total of 299 effect sizes. From these effect sizes, those that are similar within each treat​ment arm (such as handwashing before handling food and handwashing after coming home) were averaged to create one single effect size per treatment arm. The synthesis of the outcomes within one treatment arm led to the number of effect sizes being reduced from 299 to 136 distinct effect sizes (within the treatment arm). Table 3 describes the main characteristics of the final 136 effect sizes used in the analysis below.
Among the included effect sizes, health-seeking behaviour with largely private benefits and health-seeking behaviour with social externalities are the most fre​quently observed abstract outcome types. To evaluate the effects of the interventions, regressions coefficients were most frequently used.
The aggregate map on the effects level (per treatment arm) is provided in Table 4. As shown in the aggregate map for health at the effect size level, there are mul- and screening criteria. All 63 studies adhere to the inclusion-exclusion criteria, as well as the intervention function (combination) similarity check.
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	Table 3 Descriptive statistics
	Variable
	Obs.
	Frequency
	%

	for the effect sizes
	Total number of papers
Metrics and type of econometric method used
	52
	
	

	
	Number of participants who experi​enced change
	136
	7
	0.05

	
	Proportion of participants who experi​enced change
	136
	15
	0.11

	
	Regression
	136
	58
	0.43

	
	Relative Risk (Risk Ratio)+ SE
	136
	7
	0.05

	
	Risk Difference+SE
	136
	16
	0.12

	
	Abstract outcomes
	
	
	

	
	Health-seeking behaviour with largely private benefits
	136
	55
	0.40

	
	Health-seeking behaviour with social externalities
	136
	31
	0.23

	
	Consumption or purchasing decision with largely private benefits
	136
	23
	0.17

	
	Consumption or purchasing decision with social externalities
	136
	27
	0.20

	
	Intervention functions
	
	
	

	
	Education
	136
	57
	0.42

	
	Enablement
	136
	66
	0.49

	
	Incentives
	136
	38
	0.28

	
	Modelling
	136
	18
	0.13

	
	Persuasion
	136
	57
	0.42

	
	Physical restructuring
	136
	13
	0.10

	
	Social restructuring
	136
	41
	0.30

	
	Training
	136
	40
	0.29


Table 4 Map of effect sizes in the public health sector, by abstract outcomes and intervention function
	Intervention Function Health-seeking behaviour-pri​vate benefits
	Health- seeking
Consumption/
Consumption/ Total
behaviour-
Purchasing
Purchasing
social benefits
decisions-private
decisions- so-
benefits
cial benefits

	Education
26
Enablement
26
Incentives
14
Modelling
8
Persuasion
24
Physical restructuring
6
Social restructuring
21
Training
19
Total
55
	12
9
10
57
17
9
14
66
8
11
5
38
5
3
2
18
16
4
13
57
3
0
4
13
10
4
6
41
11
4
6
40
31
23
27
136


tiple combinations (cells) with a large enough number of outcomes. We see a high concentration of effects in the first two columns, meaning we have a larger number of outcomes measuring health-seeking behaviours, especially those with largely pri​vate benefits. Since intervention functions, as defined earlier in accordance with the

	Table 5 Summary results of the risk-of-bias assessment
	Overall confidence in study findings
	Count
	Percentage (%)

	
	High
	5
	16

	
	Medium
	12
	39

	
	Low
	14
	45

	
	Total
	31
	100

	
	
	
	

	Table 6 Summary results of the
	Overall confidence in study findings
	Count
	Percentage (%)

	risk-of-bias assessment
	High
	35
	56

	
	Medium
	8
	13

	
	Low
	20
	32

	
	Total
	63
	100


behaviour change wheel, are not mutually exclusive, we see a large number of out​comes with enablement, persuasion, or education as part of the intervention. These cells allow for meta-analysis without sample size restrictions. Due to the paper selec​tion based on the frequent combinations of the intervention functions as described above, none of the included papers has coercion or restriction as part of their inter​vention. Therefore, these two intervention functions were dropped.
Risk-of-bias in included studies in the systematic review
Energy
Out of the total of 31 studies included in energy, just over one third obtained a medium-quality rating (39 per cent), while a slightly larger number of studies (45 per cent) were rated as low-quality (see Table 5).
Public Health
Out of the total of 63 studies included in public health, over half obtained a high- quality rating (56 per cent), while one third of studies (32 per cent) were rated as low-quality (see Table 6). The risk-of-bias data can be found in online appendices.
4. Results of the Meta-Analysis
Energy
We conducted meta-analysis for two combinations of interventions and outcomes of high policy relevance: the effects of electrification on formal employment
 and the

effects of the Chinese pilot ETS on GHG emissions. We start with the results of the first topic.
Effects of Electrification on Employment
Most of the 15 studies in this meta-analysis do not report an employment outcome that is explicitly restricted to formal employment. In our main analysis, we use out​comes from all studies and test whether the type of employment outcome (formal or general employment including formal) matters for the overall effect.
A typical study in this category explores the effects of the availability of on-grid electricity on changes in time use, including productive activities, at the household level. Direct or indirect employment effects, due to the construction of infrastructure, were not the focus in our sample of studies.
 As all included studies use the same intuitive outcome scale—the probability of being employed—we ran the meta-analy​sis on the non-standardized coefficients first. Most studies report outcomes separately for men and women. Since men and women are separate samples and different effects may be expected, we entered both into the meta-analysis.
Furthermore, some of the studies report more than one model specification. We chose the specification that, according to the authors and general rules on the validity of impact evaluation methods, gave the most precise estimate of the true effect. For instance, specifications that combined DiD with PSM were favoured over specifica​tions that only used DiD.
We present the results of the non-standardized effect sizes in the forest plot in Fig. 9 based on a random-effects model. Note we labelled the studies in the energy sector by the first author’s full name and year in order to differentiate the studies. The forest plot shows a significant overall effect of around 2% points. This implies that elec​trification leads, across all studies, to an increase in the employment rate by around 2% points on average among households with access to electricity. The 95-per cent confidence intervals range from 0.9 to 3.18% points.
The forest plot shows no significant difference (p=0.78) between studies that mea​sure formal employment explicitly and those measuring wider measures of employ​ment (including formal employment). This is good news for further analysis, and we can, consequently, use the entire sample, rather than focus only on the (small) sub​set of studies measuring formal employment. There seems to be more heterogeneity within this subset, both in absolute and relative terms (I-squared and T-squared—the estimate of Tau-squared), than in the one using the broader measures of employment. Given the small number of studies (five) on formal employment, this may be purely coincidental. Overall, 72 per cent of the variance (I-squared) cannot be explained by the sampling error, and is therefore, accounted for by heterogeneity in true effect sizes. The large sample sizes, and therefore the small within-study variation, make this relative measure of heterogeneity uninformative. Instead, we focused our inter​pretation on the absolute measure of heterogeneity—the variance of the true effect

Effects of electrification on employment in percentage points
	Study
	Effect size with 95% Cl
	Weight (%)

	employment including formal
	
	

	Hussain Samad 2017 Men

—
	--10.40 [-30.58,
9.78]
	0.31

	Ujjayant Chakravorty 2016 Men
I
	-1.50[ -4.64,
1.64]
	6.18

	Hussain Samad 2016 Women1
	I
0.80 [ -0.64,
2.24]
	9.80

	Hussain Samad 2016 Men
	I
1.10 [ -0.18,
2.38]
	10.14

	Kenneth Lee 2020
1
	I
2.20 [ -2.70.
7.10]
	3.69

	Hussain Samad 2017 Women
1
	I
2.30 [ -0.47,
5.07]
	6.90

	Erin Litzow 2019
I
	I
3.00 [ -0.92,
6.92]
	4.89

	Taryn Dinkelman 2011 Men
—
	—3.50 [ -9.44, 16.44]
	0.73

	Hussain Samad 2019 Women
I
	I
3.80[ 0.70,
6.90]
	6.24

	Ujjayant Chakravorty 2016 Women
	•-
4.30 ] -5.89, 14.49]
	1.13

	Louise Grogan 2013 Men
-
	•-
4.55[ -3.49, 12.59]
	1.71

	Simone Tagliapietra 2020|
	•8.00[ 0.16, 15.84]
	179

	Taryn Dinkelman 2011 Women
+
	-
9.50 ] -1.28, 20.28]
	1.02

	Louise Grogan 2018 Men


	
15.81 [-20.84, 52.46]
	0.10

	Louise Grogan 2013 Women
	
■—
23.28[ 6.23, 40 33]
	0.43

	Louise Grogan 2018 Women
	
■
38.24 ] 5.51, 70.97]
	0.12

	Heterogeneity: τ2 = 0.99, I2 = 23.31%, Η2 = 1.301
	1.87 [ 0.70,
303]
	

	Test of 0i = e: Q(15) = 26.58, p = 0.03
	
	

	formal employment only
	
	

	Rosamaria Dasso 2015 Men
	|
-0.20 ] -1.38,
0.98]
	10.34

	Luciane Lenz 2015 Spouse
I
	I
-0.08[ -3.33,
3.16)
	5.99

	Rosamaria Dasso 2015 Women
	I
0.30 ] -0.29.
0.89]
	11.27

	Luciane Lenz 2015 ΗΗ head
1
	I
2.12 ] -1.87,
6.10]
	4.80

	George Akpandjar 2017
	I
3.98 ] 3.22,
4.74]
	11.04

	Louise Grogan 2016 Women


	

8.76 [-22.99, 40.51]
	0.13

	Molly Lipscomb 2013
	- -
18.40[ 8.60, 28.20]
	1.21

	Louise Grogan 2016 Men


	
- 
- 41.81 [-25.42, 109.04]
	0.03

	Heterogeneity: τ2 = 8.55, I2 = 94.01%, Η2 = 16.69
	,
2.29 [ -0.37,
4.94]
	

	Test of e, = e,: Q(7) = 78.38, p = 0.00
	
	

	Overall
	2.04[ 0.90,
3.18]
	

	Heterogeneity: τ2 = 2.91, 12 = 72.19%, Η2 = 3.60
	
	

	Test of 0, = 0;: Q(23) = 104.97, p = 0.00
Favors control
	Favors treatment
	

	Test of group differences: Qb(1) = 0.08, p = 0.78
	
	

	-50
0
	50
100
	


Random-effects REML model Sorted by: beta
Fig. 9 Effects of electrification on employment (forest plot)
sizes—estimated by T-squared. Its standard deviation, Τ, enabled us to predict that 95 per cent of tlie true effect sizes would fall within the range of —1.30 to +5.38% points.19 In other words, an electrification programme may lead, with a non-negligi- ble probability, to a negative effect or also to a substantial positive effect of 5% points on the employment rate.
19 We assume a normal distribution of true effect sizes. In this case, 95% of true effect sizes lie within 1.96 SD (estimated by Τ) around the mean of 2.04.
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As a first step towards exploring this substantial heterogeneity, we ran a subgroup analysis stratified by gender. The results suggest that the effects are stronger for women (1.54% points) than for men (a mere 0.6% points), though the difference between the subgroups of women and men fails to be significant (p=0.27). The over​all estimated effect size for these two sets of studies drops to 0.86% points because considerably larger effects are found in studies that only report their results pooled for both genders. As there are only four studies in total, of which two are—as we shall see below—influential outliers, we refrain from reading too much into this result.
Furthermore, the male subsample does not provide any statistically significant evi​dence on positive employment effects for men (the 95 per cent confidence interval ranges from -0.47 to 1.68% points). In order to keep one influential study that does not report effects separately for female and male subsamples (Lenz and others, 2015) in the pool of studies for this gender analysis, we attributed its results reported for household heads to men and those for spouses to women, even though this would not be correct in approximately 28 per cent of the cases. Excluding this study would have led to even larger differences between the genders: 2.05% points for women versus 0.5% points for men. It should also be noted that splitting the analysis by gender reduced the between-study heterogeneity substantially, thus supporting the conjec​ture that the employment effects of electrification might be different for women and me.
Next, we looked into the role of sample sizes, that is, we tested for the “small​study effect”. The visual inspection of the funnel plot is not clear-cut, as most studies have effect size estimates with small standard errors. They seem to be symmetrically distributed around the estimated overall effect size, (see Fig. 10). However, a few studies with larger standard errors are suspiciously close to the significance boundar​ies and mostly on the side of positive effects. To test more formally for the presence of a small-study effect, we ran an Egger test to regress the effect sizes on their stan​dard errors, which reveals a significant correlation between the magnitude of effect sizes and their standard errors, (p<0.001). We do not see a potential reason for this
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Fig. 10 Funnel plot for the effects of electrification on employment

correlation other than publication bias, though we cannot rule out other sources of heterogeneity that could explain this pattern.
Effects of the Chinese Pilot ETS on GHG Emissions
As in the section on electrification and employment, we started this analysis by synthe​sizing studies based on their non-standardized regression coefficients. We selected all models that measure GHG emissions in logarithms (logs). This has two advantages. First, most studies report logarithmic models. Second, our coefficient of interest—a binary ETS dummy in this case—shows a relative (percentage) change compared to the control group. Given the included studies use different control groups witli conse​quently different baseline levels of GHG emissions, the interpretation of the overall effect size becomes more meaningful. Furthermore, between-study heterogeneity in effect sizes should thereby also be reduced. As the studies try to estimate the effects of the same pilot ETS, one may argue that a common-effect meta-analysis may be appropriate. However, the studies are not random samples from the same population. Instead, the data underlying the studies have been chosen by the researchers and the most important variable (GHG emissions) has to be calculated, based on assump​tions. Therefore, we used the more cautious random-effects approach, accepting the possibility that the true effect sizes the studies actually infer may differ.
Overall, the meta-analysis (see Fig. 11) shows a significant and large overall effect. An overall effect of -0.19 equates to a reduction of around 17 per cent from the level of GHG emissions of the control group. There is substantial heterogeneity in both relative (I-squared) and absolute (T-squared) terms, which vindicates the decision to
Effects of Chinese ETS on GHG-emissions (logs)
Effect size Weight
	Study
	with 95% Cl
	(%)

	Linshan Wang 2020
-
	
• —
	
	I ' I
	-0.52 [-088, -0.17]
	2.95

	Yan Zhang 2019
	Κ
	
	I
	-0.49 [ -0.64, -0 34]
	8.13

	Wei Zhang 2020
	
	•
	I
	-0.25 [ -0.41, -0.09]
	7.88

	Qian Wang 2019
	
	
I
	


	-0.20 [ -0.62, 0.22]
	2.26

	Zhi-Qing Dong 2020
	
	—I
	I
I
	-0.18 [-0.36, -0.00]
	6.93

	Haijun Zhang 2019
	
	
	
	-0.18 [ -0.26, -0.09]
	11.01

	Yifei Zhang 2020
	
	
	
	-0.16[-0.34, 0.01]
	7.11

	Yucai Hu 2019
	
	
	:
	-0.15 [ -0.26, -0 04]
	9.84

	Haoran Zhang 2020
	
	
	
	-0.14 [-0.35, 0.06]
	6.15

	Shaozhou Qi 2020
	
	
	
	-0.14 [ -0.19, -0.09]
	12.30

	Jun Shen 2020
	
	
	■ I
	-0.10 [ -0.14, -0.06]
	12.70

	Feng Dong 2020
	
	
	•
	-0.07 [ -0.11, -0 03]
	12.73

	Overall
	
	
	► I
	-0.19 [ -0.25, -0.12]
	

	Heterogeneity: τ' = 0.01, 12 = 83.73%, Η2 = 6.15
	
	
	
	
	

	Test of ft = Θ): Q(11) = 41.85, p = 0.00
	Favors Ε
	TSI
	Favors control
	

	Test of θ = 0: z = -5.27, p = 0.00
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Fig. 11 Effects of the Chinese pilot ETS on logarithmic GHG emissions (forest plot)
*
use a random-effects model. Eighty-four per cent (I-squared) of the variation can be attributed to between-study differences. By taking advantage of the estimated Tau, we can calculate the range in which 95 per cent of the true effect sizes lies. It ranges from a reduction of around 31 per cent to a very minimal change (an increase of 0.4 per cent).
Before converting the effect sizes into Cohen’s d, we first tested for the presence of a small-study effect. The visual inspection of the funnel plot (Fig. 12) is startling. It looks like a textbook example of publication bias.
Many studies cluster around and outside the boundaries of statistical significance. There is, furthermore, a clear asymmetry, where studies with large standard errors only have above-average effect sizes. A statistical test confirms the visual impression of the asymmetry (p<0.01, using the regression-based Egger test).
Of course, a tunnel plot cannot reveal the source of the correlation between stan​dard errors and effect size. We first have to ask whether there could be valid theoretic reasons as to wliy smaller studies may have larger effects, other than publication bias. Since the studies all evaluate the effects of the ETS, possible reasons related to the size of the intervention do not stand up. Instead, we may speculate some regions or sectors in China may have shown stronger reduction effects than others: this could explain why some smaller studies (those focusing on these regions or sectors) may show larger effects than larger and more representative studies based on data from more areas covered by the pilot ETS. However, this explanation does not account for the absence of small effects for studies with large standard errors. For this outcome, there must, furthermore, be a mechanism that makes the data on samples where
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Fig. 12 Test for “small-study effects”: effects of the Chinese pilot ETS on logarithmic GHG emissions (funnel plot)
reduction effects are larger more likely to be chosen. While this possible mechanism may not be publication bias directly, it follows that somewhere in the process of pub​lishing results, significant results are favoured—be it by journals or by researchers cherry-picking the data they work with.
Unfortunately, all studies in this meta-analysis are published articles. We, there​fore, have no way of using grey literature as a robustness check. Furthermore, accord​ing to the risk-of-bias assessment, no study received a rating of high confidence in its findings. There is no meaningful difference in the estimated effect sizes between stud​ies of medium- and low-confidence. This subgroup analysis is, therefore, not shown.
We can, however, use the estimated intercept of the regression on which the Egger test rests to make a prediction of what a non-biased effect size might be. Before presenting the results, it needs to be noted that this prediction is based, as the Egger test itself, on the assumption of homogeneity between studies, and on a small sample of 12 studies, making it highly dependent on possible outliers. It is also based on a linear interpolation towards studies with infinitely large sample sizes (the intercept of the regression).
Nevertheless, it is insightful to see that the correlation between the effect sizes and their standard errors is so strong that the predicted unbiased effect size would be a reduction of only around 0.077 in log units or around 7.5 per cent. While this is still a meaningful reduction, it is less than half of the possibly biased overall effect size estimate. Furthermore, the outlier inspection shows that excluding the most influen​tial study (Zhang and Zhang 2019) could result in a decline of the estimated overall reduction in GHG emissions by 4% points to around 14 per cent.
The likelihood of some form of publication bias introduces a cautionary tone when assessing whether the Chinese pilot ETS may have been transformational. We again converted the effect sizes into Cohen’s d and compared the results. As shown by the forest plot (Fig. 13), the effect sizes, in terms of Cohen’s d, are large, with an overall effect of —1. This is, in absolute terms, between the conventional thresholds for large (0.8) and huge (1.2) effects. Therefore, in the absence of publication bias, the pilot ETS as implemented in China, would be a candidate for transformational change, as defined by this study. However, it is unclear how large the effects truly are without publication bias. It is likely that they are considerably smaller.
Public Health
Given the breadth of the results that can be presented for the public health sector, we chose to focus on particular findings, largely those driven by larger sample sizes (thereby implying larger confidence in those results) or larger effect sizes.
As per the aggregate map of the total 136 effect sizes presented above, we only discuss the effect sizes for a given outcome type. The intent of the presentation of the results is two-fold; first, to illustrate how the methodological approach can be applied to more abstract levels, and second to present the results of our meta-analysis. This approach helps to illustrate which intervention function is likely to lead to transfor​mational change within a particular abstract outcome category. Therefore, we used


Random-effects REML model
Sorted by: d
Fig. 13 Effects of the Chinese pilot ETS on GHG emissions, in terms of Cohen’s d (forest plot)
the pool of all the abstract outcomes available to us. We present the results for two of the four most populated abstract outcomes.

Unlike the EGM aggregate map on the study level above, where consumption and purchasing behaviours (social or private) are much more frequent than health-seek​ing behaviour, the treatment-arm-level outcome data (see Tables 3 and 4) shows that the most frequent outcomes are categorized within health-seeking behaviour (with private or social benefits). Within these two, health seeking behaviour with largely private benefits has a larger sample, and is the main focus of the meta-analysis. In comparison, for consumption and purchasing behaviours we show results for the social benefits outcomes.
It is important to note that each of the forest plots includes several effect sizes from the same study, but different treatment arms (as indicated by the first digit after the lead author’s last name and year of publication), as well as various types of original outcomes (as indicated by the second digit in each effect identifier). All the funnel plots generated as part of the analysis can be found in the online appendices.
One further sets of results are presented to account for the large variation in our included studies - we use a meta-regression set-up to explore some of the sources of heterogeneity in effect sizes. It is through meta-regressions that we attempt to isolate

the effects of individual intervention functions by controlling for other intervention functions also part of the intervention.
Effects of Intervention Functions on all Outcome Types
From the theoretical causal chain, we are interested in the effects of the most com​monly found intervention functions on abstract outcomes. From the 136 effects included in the overall analysis, nearly half of the effects (66) relate to a treatment with an enablement aspect. Additionally, education (57) and persuasion (57) are also found to be the most popular intervention functions to influence the behaviour of individuals. We focus on the overall effect sizes of these interventions (across the different abstract outcomes) and present the results.
Table 7 provides the overall effect size, the p-value, the I-squared and Tau-squared statistics, along with the number of observations, in the meta-analysis for all eight intervention functions in our study sample.
As can be seen in Table 7, besides physical restructuring, all other intervention functions show an effect size that is significantly different from zero (modelling is significant only at the 10 per cent level). In terms of effect sizes, the largest effect is observed for the enablement category, where the treatment group mean lies above the control group mean by 0.42 standard deviations (SD). This effect is above our cat​egorization of a small (relative) effect size (above 0.2 as per our effect-size definition above) and approaching a moderate transformational change effect of 0.5. Therefore, treatment arms that incorporate enablement as one of the intervention functions in their design lead to small-to-moderately-large changes in behavioural health out​comes (that is, increased handwashing, reduced open defecation, rise in institutional delivery/decline in unassisted deliveries). The other intervention functions that report a small effect size on behaviour of between 0.22 and 0.25 are education, model​ling (at the 10 per cent level), persuasion, training, and social restructuring. Incen​tives and physical restructuring are the only interventions where the effect size lies below our defined threshold of a small effect size, at 0.11 and 0.13, respectively, with the latter showing an insignificant result.
Given such a large diversity of designs and research methodologies in included studies, substantial heterogeneity is to be expected. First, relative heterogeneity is high in all intervention function samples, as indicated by the high value in the
	Table 7 Meta-analysis of the intervention function cells for all relevant outcomes

	Intervention function
	Effect size (Cohen’s d)
	P-value
	I sq.
	Tau sq.
	Tau Lower
	Tau Upper
	Obs.

	Education
	0.22***
	0.00
	98.82
	0.18
	-0.60
	1.05
	57

	Enablement
	0.42***
	0.00
	99.32
	0.32
	-0.70
	1.54
	66

	Modelling
	0.24
	0.08
	98.41
	0.31
	-0.86
	1.34
	18

	Incentives
	0 11***
	0.00
	91.64
	0.02
	-0.15
	0.36
	38

	Persuasion
	0.24***
	0.00
	98.79
	0.19
	-0.60
	1.09
	57

	Training
	0.24***
	0.00
	97.66
	0.11
	-0.40
	0.88
	40

	Physical restructuring
	0.13
	0.13
	98.01
	0.08
	-0.42
	0.69
	13

	Social restructuring
	0.25***
	0.00
	98.24
	0.13
	-0.45
	0.96
	41


Significance is indicated as * p< 0.05, ** p<0.01, *** p< 0.001. Modelling is significant only at the 10 per cent level
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I-squared (above 75 per cent), even approaching 100 per cent. This large value sug​gests that nearly all the heterogeneity in the results stems from between-study vari​ability in true effects, rather than sampling error (or chance). The I-squared, in our case, is likely affected by the various types of effect sizes that were converted to Cohen’s d and the large sample sizes that are part of the samples.
To enable a more meaningful conclusion on heterogeneity, we focused on the absolute measure of heterogeneity—the variance of the true effect sizes—that is esti​mated by Tau-squared. For the education, enablement, and persuasion samples, the true effect sizes fall, with 95 per cent certainty, within the ranges of -0.60 and 1.05, -0.70 and 1.54, along with -0.60 and 1.09, respectively. For instance, including the enablement intervention function within a treatment may lead to a medium negative effect of 0.7 SD, or a very large effect of 1.54 SD, implying a large absolute value of heterogeneity. Similarly, education and persuasion also suggest a large standard deviation of underlying true effect sizes.
In order to investigate heterogeneity, and in particular “small-study effects”, such as due to publication bias, we used two types of tests—the regression-based Egger test and funnel plots.
The funnel plots for the three intervention functions - education, enablement, and persuasion shown in online appendices - plot the effect estimates against their mea​sure of precision (in our case, standard errors). The larger studies are placed at the top of these plots (because their estimates are more precise), while smaller sample stud​ies are usually scattered in the lower part of the funnel. Each funnel plot indicates the significance boundaries between significance levels, given the standard error, with the estimated effect size depicted by the vertical line. Non-biased reporting (no pub​lication bias, no selective outcome reporting, sound methodological design) would imply that the estimates are symmetrically distributed around the overall effect-size line. More importantly, the effects would not be placed just inside the regions of sig​nificance and along their boundaries.
The plot for the enablement sample suggests evidence for some type of bias, where most estimates are bunched close to the significance boundaries (especially that of 1-5 per cent). The effects can still be seen to lie outside the significance bounds in the direction favouring treatment (to the right of the effect size line). The samples for education and persuasion are not as clear, where the standard errors and effect sizes are not obviously displaying a downward correlation.
To test for publication bias statistically, we ran a regression-based Egger test (using the meta bias command in Stata) that regresses the effect size on its standard error to derive the correlation between the two (high correlation implying strong evidence for a small-study effect). The Egger test failed to confirm the evidence of a small-study effect for the education and persuasion samples. However, for three out of the eight intervention function samples, that is, enablement, incentives, training, and physical restructuring, the test does reveal a significant correlation between the magnitude of effect sizes and their standard errors (p<0.01), with the beta of the Egger test being the highest for the training sample (4.605). The tables in the online appendices pro​vide the beta, standard errors, and p-value of the bias test of all intervention samples.
A limitation inherent in the inspections and tests of small-study effects is that they work under the assumption of homogeneity in effect sizes, which is clearly vio​

lated in our case. While we cannot think of a plausible reason for why smaller stud​ies should have larger effects other than some form of publication bias or selective reporting, we cannot rule out other reasons linked to heterogeneity in effect sizes that could explain this correlation. As mentioned previously, the forest and funnel plots for the remaining intervention functions are provided in online appendices.
As evidenced by graphical representation and statistical tests of the relationship between the effect sizes and standard errors, there is a high likelihood of publication bias in studies from the enablement, training, and physical restructuring pool of stud​ies, and to a lesser extent, the incentives sample.
Effects of intervention functions on health-seeking behaviour with largely private benefits
Given the large number of studies within the combined intervention function sam​ples, this section focuses on the results for the subsamples related to tlie health-seek​ing behaviour with largely private benefits—the outcome with the largest overall and intervention function-specific sample types.
Table 8 tabulates the overall effect sizes of all eight intervention functions, where the samples for physical restructuring and modelling are quite low at six and eight observations, respectively. All intervention functions report an effect size statistically significantly higher than the null effect, except physical restructuring. For the three largest samples of education, enablement, and persuasion, the largest overall effect size of 0.25 was found in the case of persuasion, followed by enablement (0.21), then education (0.19). The effect sizes are all considered small (or even lower than this threshold) as per our definition. The high I-squared value indicates large (relative) heterogeneity in effect sizes, that is, not driven by chance. For persuasion, the stan​dard deviation of the true effect size, Tau, is quite large—95 per cent of true effect sizes is expected to range from -0.38 to 0.88, implying large absolute heterogeneity as well. Education and enablement report similarly high levels in Tau. Overall, all intervention functions appear to have small or less-than-small effects on outcomes within health-seeking behaviour with private benefits.
We present the forest plot for the persuasion intervention as this has the larg​est effect size among intervention functions. The forest plot provides information already shown in Table 8, but also includes confidence intervals and effect sizes
Table 8 Meta-analysis of the intervention function cells within health-seeking behaviour with largely pri​vate benefits outcomes
	Intervention function
	Effect size (Cohen’s d)
	p-value
	I sq.
	Tau sq.
	Tau Lower
	Tau Upper
	Obs.

	Education
	0.19**
	0.01
	97.32
	0.11
	-0.47
	0.84
	26

	Enablement
	0.21***
	0.00
	97.29
	0.08
	-0.33
	0.75
	26

	Modelling
	0.34*
	0.05
	97.58
	0.24
	-0.61
	1.30
	8

	Incentives
	0.08***
	0.00
	7.73
	0.00
	0.06
	0.11
	14

	Persuasion
	0.25***
	0.00
	97.97
	0.10
	-0.38
	0.88
	24

	Training
	0.14**
	0.01
	94.67
	0.05
	-0.28
	0.57
	19

	Physical restructuring
	0.05
	0.69
	98.46
	0.09
	-0.54
	0.64
	6

	Social restructuring
	0.21***
	0.00
	97.96
	0.10
	-0.43
	0.84
	21


Significance is indicated as * p<0.05, ** p<0.01, *** p<0.001
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(and the corresponding studies) that form the overall sample. As reported above, the overall (statistically significant) effect size is 0.25 (teal diamond)—indicating the treatment group mean lies above the control group mean by 0.25 SD. The lower bound of the 95 per cent confidence interval is 0.12 SD: this implies that the effect is significantly different from a null effect (also can be seen by the non-overlapping confidence intervals witli the null effect—the dashed red line) (Fig. 14).
The regression-based Egger test also rejects the null hypothesis for small​study effects, with a beta slope (between the standard error and effect size) of 2.84 (p=0.005).
Sample: Persuasion & Health seeking behaviour with largely private benefits
	Study
	Effect size with 95% Cl
	Weight (%)

	Galiani (2012) 1 4
	•
-0.07 [-0.17, 0.04]
	4.48

	Wichaidit (2019) 26
-
	• —
-0.06 [-0.31, 0.19]
	3.98

	Kirkwood (2013) 1 4
	■ |
0.00 [ -0.03, 0.04]
	4.59

	Briceno (2017) 2 4
	•
0.02[-0.07, 0.10]
	4.52

	Choulagai (2017) 1 5
	• |
0.03 [ -0.04, 0.09]
	4.56

	Galiani (2012) 26
	•
0.03[-0.08, 0.13]
	4.48

	Tiruneh (2020) 1 8
	■
0.04 [ -0.03, 0.11]
	4.54

	Huda (2012) 1 4
	• |
0.05 [ -0.03, 0.13]
	4.53

	Briceno (2017) 34
	•
0.05 [-0.03, 0.13]
	4.52

	Geldsetzer (2019) 1 7
	-•-
0.06[-0.08, 0.20]
	4.38

	Choulagai (2017) 11
	•
0.06 [-0.00, 0.12]
	4.56

	Kirkwood (2013) 11
	•
0.07 [ 0.03, 0.11]
	4.58

	Tiruneh (2020) 1 7
	·0.09[ 0.02, 0.17]
	4.54

	Wichaidit (2019)16
	•-
0.10 [ -0.10, 0.30]
	4.18

	Midhet (2010) 1 6
	
• 
0.14 [ -0.21, 0.50]
	3.51

	Luby (2009) 1 4
	| 
• 
0.45[ 0.10, 0.81]
	3.50

	Midhet (2010) 11
	
• 
0.48[ 0.17, 0.79]
	3.71

	Geldsetzer (2019) 1 4
	|

• 
0.49[ 0.22, 0.76]
	3.88

	Odeny (2019) 1 1
	|
•
0.55[ 0.42, 0.67]
	4.42

	Luby (2009) 2 5
	|  
• 
0.57[ 0.16, 0.97]
	3.27

	Midhet (2010) 2 1
	I 
• 
0.59[ 0.27, 0.90]
	3.68

	Memon (2015) 1 1
	I 
• 
0.60[ 0.31, 0.89]
	3.79

	Memon (2015) 1 5
	I

• 
0.92 [ 0.54, 1.29]
	3.39

	Biran (2014) 11
	•
1.22 [ 1.09, 1.36]
	4.41

	Overall
	, •
0.25[ 0.12, 0.39]
	

	Heterogeneity: τ2 = 0.10, I2 = 97.97%, Η2 = 49.16
	
	

	Test of ft = ej: Q(23) = 438.04, p = 0.00
	
	

	Test of θ = 0: z = 3.64, ρ = 0.00
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Random-effects REML model
Fig. 14 Overall effect sizes for the intervention type, persuasion, on health-seeking belraviour with largely private benefits
Effects of intervention functions on consumption/purchasing behaviour with social benefits
For the last abstract outcome, we present a forest plot for enablement. With an effect size of 0.61, enablement falls within the range of medium-sized effect sizes accord​ing to our thresholds for outcomes in consumption/purchasing decisions with social benefits (see Table 9). As can be seen, this effect is statistically significant (95 per cent significance level) and does not appear to be driven by a few studies, although Corbett and others (2007) is driving the effect considerably (and removing it leads to a lower overall effect size of 0.47, see Fig. 15). The heterogeneity is similar to the other forest plots, quite high in absolute and relative terms (Tau and I-squared, respectively).
The regression-based Egger test, fails to reject the null hypothesis of small-study effects (p-value = 0.26). We also present the results for other intervention functions in Table 9.
Meta-Regression
Due to the large variations in methodology, region, and intervention function com​binations, we used a meta-regression set-up to explore some of the sources of het​erogeneity in effect sizes. Crucially, only through meta-regressions could we attempt to isolate the effects of individual intervention functions by controlling for other intervention functions that are also part of the intervention. Note, however, that the possibility to do so was limited: we could only study correlations based on the com​binations of intervention functions used in our sample of studies. These different combinations do not resemble an experimental (orthogonal) design, where only an intervention function would be changed at a time, keeping everything else constant, including moderators such as study region. Instead, we encountered a bunching of certain combinations of intervention functions, limiting the statistical power to dif​ferentiate between the effects of intervention functions. For instance, modelling was always found in combination with education, thereby rendering a clear and coherent effect size there unfeasible. It was, therefore, not included in the meta-analysis. This analysis may provide a robustness check for the results of the preceding section, as well as suggestive evidence on the relative importance of the intervention functions.
Table 9 Meta-analysis for the intervention function cells within consumption/purchasing decisions with social benefits
	Intervention function
	Effect size
	p-value
	I sq.
	Tau sq.
	Tau Upper
	Tau Lower
	Obs.

	Education
	0.37*
	0.05
	99.37
	0.30
	1.44
	-0.70
	10

	Enablement
	0.61***
	0.00
	99.23
	0.53
	2.04
	-0.83
	14

	Modelling
	0.58
	0.34
	99.67
	0.74
	2.27
	-1.11
	2

	Incentives
	0.09
	0.12
	90.59
	0.01
	0.32
	-0.15
	5

	Persuasion
	0.39*
	0.03
	99.42
	0.39
	1.62
	-0.83
	13

	Training
	0.24
	0.13
	98.67
	0.15
	0.99
	-0.51
	6

	Physical restructuring
	0.13***
	0.00
	0.00
	0.00
	0.13
	0.13
	4

	Social restructuring
	0.26
	0.17
	99.16
	0.21
	1.16
	-0.65
	6


Significance is indicated as * p<0.05, ** p<0.01, *** p<0.001

Sample: Enablement & Consumption or purchasing decision with social externalities
Study
Akresh (2012) 3 1
Akresh (2012) 41
Cahyadi (2018) 1 10
Akresh (2012) 11
Akresh (2012) 2 1
Guiteras (2015) 3 1
Guiteras (2015) 4 1
Patil (2013) 1 1
Wang (2015) 24
Stoller (2011) 1 1
Parvez (2018) 2 1
Parvez (2018) 6 1
Parvez (2018) 5 1
Corbett (2007) 11
Overall
Heterogeneity: τ' = 0.53, |2 = 99.23%, Η2 = 129.38
Test of Θ, = e: Q(13) = 842.92, ρ = 0.00
Test of Θ = 0: z = 2.96, p = 0.00
-5
Random-effects REML model
Fig. 15 Overall effect sizes for the intervention type, enablement, on consumption/purchasing deci​sions with social benefits
Table 10 provides the first set of results from the meta-regression. In the table, the first column tabulates the effect of each intervention function on all four abstract outcomes (overall sample). The second and third specifications progressively include dummies for the methods used in the paper and regions where the studies are con​ducted, respectively. The next two specifications pertain to the abstract outcomes health-seeking behaviour and consumption/purchasing decision, where the private and social components were grouped together to achieve larger sample sizes (without which no regression on the subsample of consumption/purchasing decisions would be feasible). These specifications include both method and region dummies.
The results of these regressions suggest enablement is the only intervention func​tion that appears to affect abstract outcomes positively, across almost all specifica​tions. The overall sample regression suggests that the effect size is about 0.41, that is, nearly a moderate-sized effect; it is reduced to 0.15 after the inclusion of dummies for the different methods used to obtain the raw coefficients in their original studies. The regression including regional dummies does not have statistically significance. Upon checking the subsamples for health-seeking behaviour versus consumption behaviour, the effect is nearly triple in the latter, implying that enablement affects consumption/purchasing outcomes in a much more effective manner. Examining the samples along the social benefit versus private benefits dimension, enablement also has double the effect on outcomes with social benefits, compared to outcomes with largely private benefits.

Table 10 Regression results for the overall sample, as well as by abstract outcome subgroup
	
	Overall sample
	Overall with method dummies
	Overall with method and region dummies
	Health- seeking behaviour
	Consumption/Pur- chasing decisions
	Largely private benefit outcomes
	Social benefit outcomes

	
	SE (row below)
	SE (row below)
	SE (row below)
	SE (row below)
	SE (row below)
	SE (row below)
	SE (row below)

	Education
	0.047
	0.039
	0
	-0.079
	0.27
	0.167
	-0.245

	
	0.096
	0.077
	0.086
	0.098
	0.213
	0.085
	0.242

	Enablement
	0.408***
	0.145*
	0.037
	0.265***
	0.740***
	0.264***
	0.533***

	
	0.069
	0.068
	0.075
	0.07
	0.155
	0.069
	0.126

	Incentives
	0.076
	-0.03
	-0.11
	0.052
	0.086
	0.089
	0.154

	
	0.081
	0.076
	0.082
	0.081
	0.197
	0.081
	0.151

	Persuasion
	0.039
	0.01
	0.043
	0.137
	-0.257
	-0.089
	0.051

	
	0.112
	0.087
	0.086
	0.109
	0.31
	0.107
	0.223

	Training
	0.055
	-0.004
	-0.084
	0.088
	0.118
	0.058
	0.173

	
	0.109
	0.091
	0.092
	0.106
	0.311
	0.101
	0.243

	Social restructuring
	-0.425**
	-0.269*
	-0.281*
	-0.265
	-0.729
	-0.353*
	-0.307

	
	0.161
	0.131
	0.129
	0.152
	0.486
	0.152
	0.331

	Physical
	0.047
	0.039
	0
	-0.079
	0.27
	0.167
	-0.245

	restructuring
	0.096
	0.077
	0.086
	0.098
	0.213
	0.085
	0.242

	Observations
	136
	136
	136
	86
	50
	78
	58

	R-squared
	0.000
	39.303
	42.965
	0.000
	0.000
	0.000
	0.000

	H squared
	88.945
	48.385
	42.007
	57.402
	107.878
	40.232
	106.227

	I squared
	98.876
	97.933
	97.619
	98.258
	99.073
	97.514
	99.059

	Tau-squared
	0.195
	0.108
	0.102
	0.126
	0.345
	0.084
	0.32

	p-value <
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	0.001

	Chi squared
	56.185
	183.43
	202.882
	30.4
	32.578
	42.18
	23.615

	Standard errors (se)
	are displayed under the beta coefficients (b). Significance is indicated as
	! * p<0.05, **p<
	0.01, *** <0.001
	
	


Social restructuring is another intervention function with significant results and a moderately large coefficient of —0.43 (at the 1% level), implying that its inclu​sion leads to a reduced change in behaviour in the desired direction. It implies this intervention, in comparison to the other intervention functions, is the least effec​tive in bringing about the desired behavioural change. This effect stems mainly from the private benefits subsample, where the coefficient is 0.35 and weakly significant. Note, the consumption/purchasing decision subsample has only 29 total observa​tions, with very few observations for some intervention functions. These regression results also suggest a high degree of variability in the study estimates.
Conclusions
Summary
Climate change is one of the most pressing global priorities of the 21st century. To achieve the necessary mitigation and adaptation activities, transformational changes—significant and long-lasting effects on a large scale—are needed across systems and at the level of individual behaviour. Changing the interplay of institu​tional, technological, and economic dimensions of a given system can be precipitated by interventions at the macro-, meso- and micro-levels. This synthesis combines in an innovative way two different syntheses in different sectors and at a variety of lev​els into one learning exercise on transformational change. The goal was not only to learn about each sector separately, but also to see whether climate interventions can draw lessons from effective interventions across sectors and scales.
The findings of the quantitative synthesis on energy offer some interesting, yet ultimately, anticlimactic results. First, with regard to the effects of electrification on formal employment, the review offers estimates of a 2 percentage point increase, driven mainly by the greater employment of women. Such a change is consistent with economic theory and the development trajectories of countries. In our review, however, the 2% point estimate needs to be revised downward, when considering heterogeneity and publication bias, leading to a Cohen’s d figure of 0.03—consid​erably below a small effect size of 0.2 and far removed from the transformational change threshold of 0.8.
Does this mean that the employment effects are irrelevant? Not at all. Three areas merit attention.
 First, these employment effects are employment co-benefìts from electrification. They’re not the priority outcome areas targeted by the interventions, but additional benefits. Second, we need to consider the context: social norms, in terms of women’s employment, will differ across the countries considered here, as participation will be more circumscribed in some countries. In this respect, further work could consider the baseline levels of comparison groups to assess whether the 2% point increase in women’s formal employment is derived from a low base in certain countries.
Third, in the context of climate change, an increase in women’s formal employ​ment will enhance the resilience of households and support the empowerment of women within communities. The finding can contribute to ongoing debates on the importance of social benefits from climate investments.
 The finding electrifica​tion can lead to enhanced formal sector employment for women is relevant in this context.

The finding the Chinese pilot ETS offers causal evidence of transformational change, as defined in this paper, is noteworthy. A reduction of emissions of 17 per cent is considerable and a Cohen’s d figure of —1 would certainly imply transforma​tional change. However, the possible influence of publication bias casts doubt on the true effect size. The studies on the Chinese pilot ETS are all recent, and we are hope​ful to see more variability in evidence from published and grey literature in the years ahead. Nevertheless, that an intervention from a market-based mechanism offers the promise of transformational change remains relevant and timely. It foregrounds the importance of the Paris Agreement Crediting Mechanism (PACM) as described in Article 6.4. The PACM mechanism aims to allow an entity in one nation to sell emis​sion offset credits to an entity in a different country, contributing to a global carbon market. Recent Conference of Parties (COPs) have made progress on Article 6.

At COP29 we saw progress on Article 6.4 principles covering ambition over time, the fidelity of credits, the measurement of baselines, broad participation, sources of data, additionality requirements as well as a principle for non-permanence and reversals. Tn addition, Parties agreed on associated standards, including on Measure​ment Reporting and Verification (MRV), accounting, renewals of crediting periods, reversals and leakage. Importantly, Article 6.4 incorporates a Sustainable Develop​ment Tool to ensure participants apply robust social and environmental safeguards to minimize and, where possible, avoid negative environmental and social impacts from the activity. If Article 6.4 becomes operational, resultant offset credits could be used to reduce liabilities under national carbon pricing schemes contributing to a country’s nationally determined contribution. That the pilot ETS in China is leading to substantial emission reductions may increase the wider adoption of such market​based mechanisms.

In public health, a broad scope of papers covering behavioural outcomes within utilisation of health services, hygiene practices, nutrition, physical activity, and sub​stance abuse were reviewed. The lack of papers fitting the inclusion criteria per​taining to physical activity and substance abuse resulted in their exclusion as most studies focused either on small samples or covered a short time frame. For the utiliza​tion of health services, hygiene practices, and nutrition, the meta-analysis focused on the results from eight out of the 10 intervention types adapted from Michie and others (2011) behaviour change wheel. All eight intervention functions, except for physical restructuring (that has the smallest sample size), appear to have small (approaching moderate) effect sizes. Of these eight interventions, three intervention types featured prominently in the treatment designs in our study sample: education, persuasion, and enablement. Of these three, regardless of which subsample was analysed, only enablement consistently passed the thresholds for small and medium sizes using the conventions in the literature.
Following the behaviour change wheel by Michie and others (2011), “enable​ment” refers to a strategy that increases the capacity of individuals or groups to adopt and maintain a desired behaviour by addressing barriers or enhancing facilitators. Enablement can involve a range of interventions, such as providing resources, sup​port, or adjustments in the environment, which help overcome physical, social, or psychological obstacles. It aims to improve capability or opportunity, making the desired behaviour easier or more feasible for individuals to perform.
In terms of climate action, it is important to highlight examples of enablement for both adaptation and mitigation in developing countries. In terms of enhancing resil​ience, one example is the provision of support and resources for action related to cli​mate risk and early warning information. Enablement in this context moves beyond training and includes, but is not limited to, the use of mobile technology applica​tions, using common alert protocols in standardized formats across all communica​tion channels, as well as activating preparedness and anticipation action plans. It can also include using alternative cash transfer delivery channels to ensure households are able to avoid a natural hazard. Best practice illustrates how such preparedness and warning capabilities are based on innovative forecasting and prediction analysis and are delivered through institutions which have capacity and tools to issue impact-base forecasts and warnings.

A further example of enablement for adaptation is the Participatory Integrated Climate Services for Agriculture (PICSA) approach for climate services and agricul​tural support (see Clarkson et al. 2022). PICSA enables smallholder farmers make decisions under conditions of climatic uncertainty through supporting the provision of accurate, locally-specific weather information, a range of locally-relevant farming and livelihood options, and participatory decision-making tools. PICSA enhances the capacity of households to adopt and maintain adaptative behaviour by addressing barriers to relevant climate information and providing relevant resources. It facili​tates better decision-making using households own detailed knowledge of agricul​tural practices, farm systems, and the environment through providing contextualized adaptive options (see Abidoye et al. 2025).

Turning to enablement for mitigation, we offer an example of addressing a bar​rier to increase the capacity of households to adopt and maintain the use of cleaner

cookstoves in a rural developing country setting. In this example enablement involve a range of interventions including providing a subsidy and follow-up support to over​come obstacles.
A key barrier for rural households in some developing countries in adopting cleaner cookstoves is their low willingness to pay due to low incomes. In addition, households may have limited awareness about available subsidies for clean cookstove solutions and, if they are aware, subsidy delivery mechanisms can be bureaucratic and lengthy, a process that makes it difficult for users. One approach to enabling the installation of clean cookstove solutions at scale is using an output-based financing mechanism for the delivery of the subsidy (see AEPC, 2021). Installation firms are incentivized to fit clean cookstoves through reclaiming the applicable subsidy from a selected number of suppliers. The subsidy is paid to installation firms in stages, with an initial tranche supplemented with a second tranche once verification of follow-up support and training for households is completed, overcoming some of the challenges associated with subsidy delivery mechanisms (see Lohani et al. 2025).
The largest effect sizes for enablement were observed for the consumption/pur​chasing decision samples, which have smaller sample sizes compared to those in the health-seeking behaviour samples. The results observed for the enablement inter​vention function within the forest plots were corroborated by the meta-regression coefficients. The effect sizes however, hint at smaller effects, not even crossing the threshold for a small effect size (0.2). It should also be noted the results for enable​ment became statistically insignificant when both method and region dummies were included.
The findings from our synthesis on behavioural change in public health indicate enablement is potentially the intervention function that can—across the different types of outcomes, concrete interventions, and contexts—produce changes of a small to moderate size, as judged by the conventional thresholds on Cohen’s d. It should, at this stage, be noted that Cohen’s d is only one way to evaluate the magnitudes of effect sizes (as discussed below).
Quality of the Evidence and Limitations of the Review Process
Based on the risk-of-bias assessment carried out as part of the evidence synthesis, the public health studies mostly comprised high-quality evidence, with very few studies of low-quality. In comparison, the energy sector mostly includes evidence of low and medium quality. Tests for small-study effects show that both sectors may suffer from the problem of publication bias, although this occurrence is not as prevalent in the public health sector. Our own study also has several potential limitations.
First, we excluded studies published earlier than 1990 (energy sector) and 2000 (public health sector). Second, the WB country ranking by income status for 2020, used to group countries in this report, may not take into consideration the transi​tional nature of the previous income status when the literature was published or the data collected. Furthermore, the focus on developing countries means missing out on evaluating potentially transformative interventions, sucli as the Clean Air Acts in the United Kingdom and the United States.
*

Third, there are limitations by language: excluding non-English studies may have limited the generalizability of our findings, particularly in Francophone Africa. Fur​thermore, the likely publication bias found in the meta-analysis of the ETS in China may be exacerbated by the absence of working papers or reports in languages other than English, but were not included in our review because of the language restriction.
Fourth, some studies included in this synthesis have missing statistical informa​tion, for example, intervention and control samples. Such data is required to aid the meta-analysis. The review team obtained some missing information by conducting searches for online annexes published in different databases. Further, as described previously, we imputed missing data whenever feasible. Nevertheless, some studies had to be dropped from the meta-analysis for this reason. The quality of the reporting, however, is often highly correlated with the quality of the paper, implying that this limitation might even have benefited the quality of the results synthesized; as such, this is not really a large limitation.
Fifth, we did not consider attrition for the studies in the energy sector, since a substantial number of them are ex-post studies.
Sixth, in order to judge whether an effect is big, Cohen’s d only provides one perspective and one that is necessarily limited. It measures an effect size, in terms of variability of the outcome. Its advantage—and hence the reason we adopted it for our review—is its capacity to make effect sizes comparable across a wide range of dif​ferent studies (as long as the necessary statistical information is provided). However, Cohen’s d certainly has weaknesses. If the variability is large, a small Cohen’s d can still represent a large change in absolute terms. Furthermore, despite the existence of conversion formulas in widely used textbooks (Borenstein and others, 2011), the conversions of binary data into Cohen’s d faces conceptual challenges, as there is no additional information available on the variability of the outcome not already reflected in the mean. Cohen’s d is, in this case, not as reliable as for conversions of continuous data.
A limitation of the synthesis in the health sector is that studies differ in their effect​size metrics to such a degree that we largely had to rely on Cohen’s alone to evaluate the magnitude of effects. Evaluating whether this magnitude is large in absolute terms can be very context-specific, and hinges, for instance, on the effectiveness of alterna​tive interventions, the importance of the outcome, and the targets set by policymak​ers. As Howard White argues, answering this question, therefore, requires detailed sectoral knowledge, which is beyond the scope of this broad review.

Seventh, the results in public health show substantial heterogeneity, both in rela​tive and absolute terms. This raises the question of how comparable the studies we pooled together, based on intervention functions, are. Part of the heterogeneity may also have stemmed from the necessary conversions into a common metric of Cohen’s d.
Eighth, as the meta-analysis is based on published articles, we have not been able to assess the quality of intervention implementation. In other words, the meta-anal​ysis has not been able to control for intervention integrity. Typically, intervention

fidelity is tracked through monitoring data. This can provide information on, inter alia, whether the intervention was delivered as expected, whether it ensured aware​ness of the programme, facilitated participation based on expected benefits and costs, and ensured the ability to take part including overcoming any binding constraints.
Ninth, as the meta-analysis is based on evaluations of interventions which were fully implemented and thus were available to study, we need to be mindful of survival bias. In other words, that the included interventions have tended to show improve​ments is not a large surprise - as they may have been curtailed if they had not (and thus would not have been available to be evaluated). Researchers tend to select highly visible interventions that have been in existence for some time, in contrast to evaluat​ing interventions that were mothballed, marginalised or simply cut.
Lastly, our evidence synthesis is subject to limitations inherent in our focus on searching for causal evidence on transformational change. Transformational change can be advanced in multiple ways, including through incremental changes that even​tually combine with other factors to reach a tipping point, as well as through more rapid or sudden shifts. It is, therefore, not always clear to what extent an intervention has been, or is currently, on a pathway to being transformational. Relatedly, experi​mental and quasi-experimental methods, seeking to explain causality in such com​plex intervention contexts and multiple outcome areas, are not always well-suited to capturing changes in the breadth, depth, and level of nuance required. Transformation is dynamic and non-linear, often requiring sequential, multi-stage, or parallel inter​ventions that causal experimental studies do not capture. Further, despite the avail​ability of high-quality evaluations, finding evidence of transformational change—as defined here—puts additional requirements on the data, such as the scope and time frame only a limited number of studies satisfy. Therefore, as in any systematic review, the gaps in evidence need to be seen in light of its inclusion criteria. A further limita​tion relates to the timing of the intervention—also a criterion in our definition. The insufficient number of studies data collection going beyond a few years from the full roll-out of the intervention imposes a further constraint on the extent and direction of the observed long-term effects in our sample of studies.
5.3. Cross-Sectoral Learnings and Authors' Conclusions
We conclude by reflecting on our methodological framework for systematically searching for evidence on transformational change. We then reflect on potential cross-sectoral lessons from the findings from our two sectors. We conclude by high​lighting future research avenues.
Based on our definition of transformational change, this article has illustrated a methodology that is sufficiently nimble and adaptable to be applied to two very dif​ferent sectors and across levels.
During the search strategy, we operationalised the scale of change by including interventions with at least 1000 individual beneficiaries, or if they targeted an entire administrative area larger than a village (such as district, region, or state). Interven​tions at an even larger scale were, of course, also included. To capture the duration of effects, we included studies where effects were sustained for at least one year after the first full implementation of the intervention. We used the effect size of interventions
*

on outcomes as an indicator for the depth of change. This tripartite approach pro​vided the team with a methodological foundation on which to assess transformational change directly in the energy sector and indirectly through studies on behavioural change in public health. Further, it allowed us to assess transformational change through changes at a variety of levels, as transformational change is a process which cuts across economic, political, social and environmental spheres and includes the interplay of institutional, technological, economic dimensions of a given system. We now turn to cross-sectoral lessons from our two sectors.
In the energy sector, two combinations of interventions and outcomes where we found a mass of studies that passed our inclusion criteria and were included in meta​analysis, the ETS in China shows the greatest promise for transformational change, though with the caveat of a strong risk of publication bias in the overall results. The intervention is categorized as a structural intervention that does not target behaviour change at the household level. It, therefore, does not directly coincide with any of the categories in the public health sector interventions, as defined by the intervention functions of the behaviour change wheel.
The second intervention-outcome combination in the energy sector—the effects of electrification on employment—was also coded as structural, without directly target​ing behavioural change with regards to employment. The effects of electrification are significant, albeit small. However, the impact of access to electricity on the household may be much broader and accumulate over time. Therefore, the actual longer-term behavioural change effects of enablement and physical restructuring may be difficult to isolate from other intervention functions coming into play (through greater access to knowledge and media, for example).

In the health sector, none of the intervention functions we looked at show large effects on health behaviour over time, as judged by the conventional threshold of Cohen’s d. Nevertheless, the intervention function, enablement, holds forth the great​est potential for behavioural change in particular for outcomes with social benefits.
Broadening out, mitigation interventions mainly provide a global public good, while adaptation interventions can provide a range of public goods, toll goods, pri​vate goods, or the better management of common-pool resources (across sectors and at different scales). 
 So, in summary, mitigation interventions mainly provide social benefits, possibly alongside private co-benefits such as in health, while adaptation interventions provide either private or social benefits. Following this logic, enable​ment interventions could be particularly well-suited for mitigation interventions, as the effects are largest for outcomes with largely social benefits. Enablement also works, albeit with a smaller effect size, for outcomes with private benefits.
Given that mitigation is mainly a global public good, a key concern is whether individuals are sufficiently motivated to engage in mitigation when they cannot profit from their behaviour individually. Internalizing the positive externalities of mitiga​tion behaviour is either costly or subject to strong public resistance (for example,

against carbon taxes). Yet allowing individuals to choose to engage in mitigation actions through enablement could be an effective mitigation strategy. This is con​jecture that needs to be tested in future studies. Examples of interventions that can enable mitigation behaviour include public transport systems and electric cars, if they are convenient and low-cost. In addition, the opportunity to work from home, instead of commuting or travelling to business meetings. These reflections should be taken with a grain of salt, as the supporting evidence comes from very diverse sectors and outcomes, with a wide range of interventions within the “enablement” category. Such findings may be influenced by the choice of topics and filters used in this review, as well as the availability of literature across other cells within the enablement dimen​sion of the EGMs.
We now highlight a few additional areas whereby further investigation could be most fruitful.
First, as has been described in the limitations section, we set a restricted definition of “transformational change”, witlr the goal of being able to quantitatively synthe​size evidence. Possibly, a narrative synthesis, based on other types of evidence than just causal studies, could reveal further lessons on how to achieve transformational change. By broadening the scope, it is possible to find more insights on, for example, energy systems and how legislative interventions may produce change with depth, scale and duration. Such interventions are usually implemented over large adminis​trative areas (such as nation states), which precludes studying their impacts through quantitative methods. The Chinese ETS is a welcome exception of a large-scale policy experiment studied through quasi-experimental methods. The nature of causal meth​ods means such studies usually focus on singular interventions on outcomes, at the individual or household level, within a relatively short time frame. Therefore, long​term changes over decades, rather than years, occurring at the system level as a result of a complex interplay between many changes from various interventions, are not captured. A possible lesson from our review is that as transformational change may be difficult to observe in interventions that are studied through such study designs, a broader range of research designs and wider scope of evidence needs to be consid​ered. For example, the search for causal evidence may need to be complemented by a narrative synthesis of case studies and other mixed-method approaches. For example, by completing a realist review based on the theories of change of interventions (for example, see Yeung et al. 2024), or the application of qualitative comparative analy​sis to a dataset to parse out combinations of necessary and sufficient factors which increase the likelihood of transformational change (see Gather et al. 2025). Further work beyond impact evaluations may also require searching in different databases, such as in the field of engineering.
Second, given that enablement is the best behavioural candidate for producing transformational change, it would be worth focusing specifically on this intervention function, while at the same time broadening the study of outcomes to other behav​iours. This may lead to a larger mass of studies on enablement interventions, allowing for a better understanding of the types of conditions in which enablement works best. Further, research is required on the cost effectiveness of enablement interventions in light of the investment costs required in terms of time, effort and financial resources compared to other behavioural interventions.
*

Third, our findings on the pilot Chinese ETS foreground the potential of the Paris Agreement Crediting Mechanism (PACM). While Article 6.4 becomes operational, research can elucidate how the PACM can learn lessons from the successes and fail​ures of prior global emission trading structures including the CDM. Recent work has highlighted how, for better or for worse, the Article 6.4 activity cycle closely resembles the CDM project cycle (see Cassimon et al. 2023). Important questions need to be answered in terms of how the PACM project cycle can ensure efficiency alongside robust validation and verification through suitable checks and balances.
Supplementary Information The online version contains supplementary material available at https://doi. org/10.1057/s41287-025-00722-8.
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� Wyss Academy, Bern, Switzerland


� Climate Investment Funds, Washington, USA


� International Fund for Agricultural Development, Rome, Italy


� Joint Clinical Research Centre, Kampala, Uganda


� Center for Evaluation and Development, Mannheim, Germany


� We faced a trade-off between the need to find sufficiently long-lasting effects and the minimum required number of studies from a statistical perspective. A comprehensive recent discussion of the difficulties in finding or assessing transformational change can be found, for example, in Williams and others (2021).


�For relative risk, common in the medical literature, the Grading of Recommendations Assessment, Development, and Evaluation (GRADE) uses a scale separating relative risks of at least 2 as large (and those greater than 5 as very large) (Guyatt and others, 2011). We will use these two definitions to define large impacts based on effect sizes in outcomes.


� The effect being measured here is the so-called “treatment effect on the treated”.


�We used simplified search strings for the EBSCO World Bank eLibrary database to get non-zero results.


� We ran simplified searches on institutional websites, as they do not permit the use of sophisticated search operators.


�We included only one bilateral agency website, because during preliminary searches, we identified it as having potentially relevant impact evaluation studies. We excluded the websites of other shortlisted bilateral agencies due to a lack of relevant studies.


� Benchmark studies are studies that are clearly relevant for our review. As the search strategy relied on searching in title, abstract, and keyword fields, finding these studies is a good measure of the quality of the search strategy. The large majority of benchmark studies also satisfied all of our inclusion criteria (as specified in the inclusion and exclusion tables in online appendix), and would therefore, also pass the full�text screening stage.


�As noted above, for the WB e-Library database, the search strings had to be simplified to get non-zero results.


� See Figs. 1 and 2 for the PRISMA diagrams.


*


� Studies were grouped into EGM cells based on the type of intervention and outcome they examined. Each axis of the EGMs represents a dimension: interventions are displayed in rows and outcomes in columns. The structure enables the categorization of studies addressing similar research questions. Stud�ies that cover multiple interventions or outcomes across different categories may appear in several cells.


� We excluded “informal employment”, as it was defined by the authors. Typically, they refer to the 15th International Conference of Labour Statisticians (International Labour Organization 2003).


*


� The effects presented here do not include employment due to the installation of electricity infrastructure. As you may recall, all results are measured at least 1 year after full implementation, which limits the appli�cability of temporary employment due to any installation process.


� In this section, the results for the intervention functions are not presented in the form of forest plots, given the low legibility of these figures. Instead, the results are presented in a tabular format, while the plots themselves can be found in an online appendix. We also include all the tables presented in this report in an online appendix.


� We recognise rural electrification can include energy from any source, including from fossil fuels, and in that sense can contribute to carbon emissions. The papers included in the meta-analysis come mainly from sub-Saharan Africa as well as South Asia, contexts which have ecological space for emissions on a historical, per capita basis.


� For example, see � HYPERLINK "https://www.worldbank.org/en/topic/social-dimensions-of-climate-change" �https://www.worldbank.org/en/topic/social-dimensions-of-climate-change�.


� Fankhaeser et al. (2008)


� COP26 completed the rulebook for the Paris Agreement including common timeframes, methodologies and modalities for emission reduction targets, paving the way for implementation of the PACM. COP26 in Glasgow also agreed some voluntary offsets credits will be treated as quasi-compliant credits under Article 6 (whilst unadjusted voluntary credits will be excluded).


� For a general overview of the design and implementation of the Chinese Pilot ETS, see Duan and others (2014); Partnership for Market Readiness (2014); Zhao and others (2019); and Zhou and others (2020).


� For example, see the World Meteorological Organisation’s CREWS initiative which is active in over 75 Least Developed Countries and Small Island Developing States - � HYPERLINK "https://crews-initiative.org" �https://crews-initiative.org�.


� A summary of the PICSA approach is provided by the University of Reading - � HYPERLINK "https://research.reading" �https://research.reading�. ac.uk/picsa/.


� See � HYPERLINK "https://www.3ieimpact.org/blogs/how-big-big-need-sector-knowledge-judging-effect-sizes-and-per" �https://www.3ieimpact.org/blogs/how-big-big-need-sector-knowledge-judging-effect-sizes-and-per� forming-power-calculations (accessed July 09, 2021).


� This may suggest that interventions should be categorized by continuity and inherent irreversibility in future searches for interventions with transformational change potential.


� Many climate interventions contribute to both mitigation and adaptation. Further, many mitigation proj�ects also provide health co-benefits.








