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1. Introduction  

Recent assessments highlight the increasing severity of climate change impacts, 

underscoring the urgent need for effective measures to reduce carbon emissions (IPCC, 

2024). Emission Trading Schemes (ETS), recognized as a market-based solution, are 

being adopted widely across the globe. In 2024, there are 36 operational ETS worldwide, 

covering 18% of global emissions (ICAP, 2024). Theoretically, an ETS with a 

sufficiently low cap can reduce emissions as it gives firms whose marginal abatement 

costs are lower than the market-determined price of allowances an incentive to reduce 

emissions and sell extra allowances in the market. Payoffs generated through carbon 

trading can provide firms the means to develop and deploy cleaner fuels and cleaner 

energy technologies (Kong & Freeman, 2013).  

A significant trend in recent years is the rapid development of ETS in emerging 

economies, which constitutes a major source of global ETS expansion (ICAP, 2024). 

These emerging economies which either have already introduced an ETS (e.g., China 

and Indonesia) or initiated plans to establish one (e.g., Turkey, India and Brazil), are 

already among the top global emitters.  

Among the operational ETS in emerging economies, China’s regional ETS pilots stand 

out as a particularly notable example. In 2011, China started to implement ETS in six 

pilot provinces and one city, namely Beijing, Tianjin, Shanghai, Chongqing, Hubei, 

Guangdong and Shenzhen., covering 7% of China’s total CO2 emissions (Zhang et al., 

2014). This pilot program signaled a significant shift in China’s environmental policy, 

from regulatory interventions to market-based instruments, to achieve the ambitious 

Paris pledge of a 60–65% reduction in CO2 emissions by 2030, compared to the 2005 

level (Goulder et al., 2017; Jotzo & Löschel, 2014).. The pilot program served as an 

important experiment that shaped the national ETS, launched in 2021 in the power 

sector, which is the world's largest in terms of coverage. China’s pilot ETS thus can 

provide evidence as to how effective a national carbon trading program could be 
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(Almond & Zhang, 2021; Zhang et al., 2014). 

China’s pilot ETS has some unique features that distinguish it from established ETS 

such as the EU ETS. These features are likely to be shared by ETS planned by other 

emerging economies (such as Turkey, India or Brasil), particularly during the initial 

phrases of operation, where regulatory frameworks and market mechanisms are still 

being established (Lo, 2016). For example, China’s ETS pilots lack an absolute cap in 

the sense that the allowances are based on output levels and emission-to-output ratios, 

rather than the absolute level of emissions (Goulder et al., 2017).  Since the cap is 

relative, total emissions can still grow if the output increases. In addition, the pilots 

have faced issues such as over-allocation of emissions permits and the need for robust 

measurement and verification processes (Jotzo & Löschel, 2014).  Allowances also 

were primarily allocated for free, and carbon prices have remained low (5-10 US dollars 

per ton), signaling unambitious relative caps. Thus, China serves as a particularly 

relevant case for these emerging countries, as the lessons learned from China’s pilot 

ETS can guide them in having realistic expectations about what emission reductions 

they initially can expect.  

Given these characteristics, one should indeed wonder how effective such ETS can be 

in reducing CO2 emissions. Many papers have tried to answer this question and have 

estimated the effectiveness of China’s pilot ETS, exploiting its quasi-experimental 

nature. Some of these studies find large and statistically significant reduction effects, 

among which the largest estimate of reduction indicates that China’s ETS reduced CO2 

emissions in the pilot regions by as much as 71.7% (Luo & Qu, 2023). Other studies 

report small negative estimates: Han et al. (2022) estimated reductions of around 2%,  

and the average reduction found by Dong et al. (2022)  was 4%. And some studies even 

reported positive estimates like Wu and Zhu (2023) and Zhu (2017).  

This variation in sign and size of the estimated effect sizes leads to two questions: what 

is the ‘overall’ estimate across this literature and what causes the estimates to vary 

across studies. This is exactly where meta-analysis can come and help.  
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In this study, we conduct meta-analyses to synthesize the estimated effect of China’s 

Pilot ETS on CO2 emissions that have been reported in the literature. Our dataset 

includes 732 estimates from 80 studies. As this sample might be distorted by selection 

effects in what gets published, we use meta-analytical techniques to obtain a bias-

adjusted overall mean effect and estimate the “true” effect on CO2 emissions of China’s 

ETS. The heterogeneity across estimates is further explained using unweighted meta-

regression and Bayesian Model Averaging.  

Two recent meta-analyses have already studied the effectiveness of carbon pricing 

schemes (including both carbon taxes and ETS). Döbbeling-Hildebrandt et al. (2023) 

base their analysis on 101 primary studies, among which 46 studies with 179 estimates 

targeted China’s pilot emission trading scheme. Ahmad et al. (2024) collected 81 

studies, with 29 on China’s pilot ETS program.  

Our meta-analysis improves on the above two meta-analyses in two ways. First, in 

terms of China’s pilot ETS, our meta-analysis is much more comprehensive than the 

existing literature, both in data and methods. We cover substantially more studies and 

estimates – 80 primary studies, with a total amount of 732 estimated effect sizes. We 

also use a more comprehensive list of bias correction techniques as suggested in Irsova, 

Doucouliagos, et al. (2023). These methods include PET-PEESE (Stanley & 

Doucouliagos, 2012), selection models documented in Coburn and Vevea (2015), the 

MAIVE estimator (Irsova, Bom, et al., 2023), which deals with the endogeneity of 

standard errors in PET-PEESE, and RoBMA-PSMA (Bartoš et al., 2023).  

Second, by solely focusing on China’s ETS, our meta-analysis avoids a drawback of 

the existing meta-analyses which merge studies from various carbon pricing regimes 

and countries. In addition to the difference between carbon taxes and ETS, structural 

differences among countries and the ETS they implemented can lead to differences in 

the effectiveness of an ETS in these countries. In short, findings on effect sizes, 

influencing factors and the presence of publication bias from a meta-analysis which 

merges studies covering different countries might not be relevant to any of the countries 
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or carbon pricing regimes included.  

Consistent with Döbbeling-Hildebrandt et al. (2023), but in contrast to Ahmad et al. 

(2024), our analysis finds strong evidence of the presence of publication bias. We 

further show that after correcting for such publication bias, the overall mean effect, 

measured as a Fisher’s z transformed partial correlation coefficient, of China’s ETS on 

CO2 emissions ranges between -0.101 and -0.057, representing a “small” negative 

effect of ETS on emissions (Xue et al., 2023). Restricting the sample to estimates that 

are from log-linear specifications, we estimate China’s ETS to decrease CO2 emissions 

by between 5.5% and 16.6%. Our estimates thus tend to be higher than Ahmad et al 

(2024), who report an overall across-countries emissions reduction of -0.025 (measured 

in partial correlation coefficient) and Döbbeling-Hildebrandt et al. (2023), who estimate 

a bias-adjusted average treatment effect of -8.66% for China’s pilot ETS. Together, 

these studies thus suggest that, in the context of an emerging economy, introducing an 

ETS with relatively low carbon prices, can have a meaningful, but moderate (compared 

to for example the Paris pledge of a 60–65% reduction in CO2 emissions by 2030), 

negative effect on emissions.  

Our study further shows that differences in assumptions, which lead to differences in 

empirical methods used and covariates included, contribute to the heterogeneity of the 

estimated effect of China’s ETS reported in the literature. Researchers who aim to 

estimate the effect of ETS therefore should present results across a wide range of 

techniques and specifications to highlight the robustness, or lack thereof, of their results.  

This paper proceeds as follows: Section 2 describes the literature search and data 

construction process; Section 3 introduces the meta-analytic models used in this paper; 

Section 4 reports the publication bias-unadjusted overall mean effects; Section 5 tests 

for the presence of publication bias and uses different approaches to adjust for it; 

Section 6 conducts Bayesian Model Averaging and unweighted meta-regression to 

identify study characteristics that influence the estimated effect sizes; Section 7 applies 

the same procedure in Section 4, 5 and 6 to a subsample with untransformed effect sizes 
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to obtain an overall mean effect with interpretable economic meaning; Section 8 

concludes. 

2. Literature Search and Data Construction 

2.1 Identifying relevant literature 

Central to any literature search is the choice of keywords to search on. Our approach 

began by selecting five representative studies that estimated the effect of China’s ETS 

on emissions. The five papers we selected were Chen et al. (2020); Gao et al. (2020); 

Hu et al. (2020); Tang et al. (2021); Zhang et al. (2019). These five papers meet the 

inclusion criteria for our meta-analysis (as described below) and have been well-cited 

and hence are influential. At the time we conducted the search on March 8th, 2023, Hu 

et al. (2020) had been cited 219 times in Google Scholar, whereas the least cited paper, 

Tang et al. (2021), had 38 citations.  

We then searched the reference lists of these five papers, extracted and listed the 

keywords of all the reference papers, and sorted the most-frequently used keywords 

into three groups, which correspond to “Place”, “Policy” and “Targets”: 

Keywords list 1 (Place): 

(“China” OR “ETS pilot*” OR “Beijing” OR “Tianjin” OR “Shanghai” OR “Hubei” 

OR “Chongqing” OR “Guangdong” OR “Shenzhen”)  

Keywords list 2 (Policy): 

(“emission* trading system” OR “emission* trading scheme” OR “carbon trading” OR 

“cap and trade” OR “ETS” OR “carbon market*” OR “market-based instruments” OR 

“carbon pricing”)  

Keywords list 3 (Targets): 

(“carbon dioxide” OR “carbon emission*” OR “greenhouse gas*” OR “carbon intensity” 
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OR “emission* reduction*” OR “CO2 emission*” OR “air pollution” OR “mitigation” 

OR “efficiency”) 

The combination of the above keyword lists was used to search for English-language 

papers that study the relationship between ETS and carbon emissions in China. We used 

the following search engines: Google Scholar, Scopus and RePEc. The searching 

captures published papers, working manuscripts, reports, books, doctoral dissertations, 

and master’s theses.  

As indicated in the PRISMA diagram in Figure 1, initially, the search resulted in 3713 

records. After merging records from the three databases and removing duplicates, 2744 

papers were left for screening.  

The paper screening process consisted of two steps. In the first step, we reviewed the 

list of papers sorted by relevance based on the search algorithm. We inspected the title 

and abstract of each paper to identify relevant studies. The screening process concluded 

when we stopped encountering relevant papers. Under this screening procedure, 1272 

papers were screened, among which 119 papers were identified as relevant. In the 

second step, we examined the full text of these 119 papers.  

The second step can be described as the coding process, in which two coders worked 

simultaneously to record key information needed for conducting meta-analysis, 

including estimated effect sizes, standard errors, and study characteristics. After 

scrutinizing these papers, 80 studies were selected to form the final meta-analytic 

dataset. The inclusion criteria we used were: 

1) The study must be ex post research that uses observational data to conduct 

regression analysis. This criterion rules out studies using Computable General 

Equilibrium (CGE) modelling or Data Envelopment Analysis (DEA) (e.g. Zhang et 

al. (2020)). 
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2) The dependent variable measures carbon emissions (or carbon intensity1), and the 

policy of interest is China’s pilot ETS program. This criterion excludes studies that 

analyze the effect of other policies on carbon emissions, such as the SO2 Pilot 

Emission Trading Scheme (e.g. Shen et al. (2023)) and the Low-Carbon Provinces 

and Cities (LCPC) program (e.g. Liu et al. (2022)). It also excludes studies focusing 

on the impact of ETS on other outcome variables, such as energy efficiency, e.g. 

Zhou et al. (2022), and carbon emission efficiency, for example, Chen et al. (2021); 

Du et al. (2023).   

3) Since all the regression analyses were conducted in a Difference-in-Differences 

(DID) framework, the treatment variable ETS should always be a dummy shown in 

the following general specification: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 + 𝑿𝑿𝑿𝑿 + 𝛽𝛽2𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 + 𝛽𝛽3𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖,  (1) 

where 𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡. 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 equals one for the pilot regions that 

implemented ETS, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 equals one for the post-treatment period. 𝑿𝑿 stands 

for a vector of control variables.  

Accordingly, studies using the trading volumes and/or the market price of 

allowances as the key independent variables are excluded from the sample (e.g. 

Wu (2022)). Regressions including the interaction term of ETS and the other 

variables are also excluded from the dataset, because of the difficulty of calculating 

reliable standard errors for the marginal effects (e.g. Xue et al. (2023)). 

4) Papers need to report the standard errors of the estimates and the degree of freedom. 

Otherwise, they would be excluded. The standard errors of the estimates are 

required in both the fixed-effect and random-effects meta-analytic models to 

perform weighted regressions and are further used in Egger’s regression to test for 

publication bias. Though many studies applied Synthetic Control Method (SCM) to 

 
1 “Carbon intensity” here is defined as the ratio of carbon emissions to regional gross domestic product, 
also called “CO2 emissions per GDP” hereafter. 
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assess the emissions-mitigating effect of China’s pilot ETS program, they are 

excluded from the dataset for this reason. In addition, papers that didn’t report the 

degrees of freedom, which is required to standardize and transform the original 

effect sizes, also dropped out.  

Apart from the above criteria, two papers were excluded due to likely mistakes in 

estimation or with respect to reported effect sizes.2 In the end, the full dataset includes 

a total of 80 papers and 732 estimates.  

2.2 Summary Statistics 

Table 1 summarizes the study characteristics of our final dataset, illustrating the 

variations in research decisions that could lead to heterogeneity in the estimated effect 

sizes.  

Outcome Measures: Among the 80 studies, four types of dependent variables are used, 

including total CO2 emissions (account for two-thirds of all the estimates), CO2 

emissions per capita (6.3% of all estimates), CO2 emissions per GDP (26.1% of all 

estimates) and other measures (less than 1% of the estimates, such as CO2 emissions 

per unit area and CO2 emissions divided by per capita GDP (Shi et al., 2022)). 

Compared to total CO2 emissions, CO2 emissions per capita adjusts for provincial 

population size, whereas CO2 emissions per GDP adjusts for the level of economic 

output.  

While “total CO2 emissions” seems to be rather straightforward, why would studies use 

the other two outcome measures? In other words, why are these adjustments necessary? 

 
2 ‘We excluded 2 studies: H. Zhang, M. Duan and P. Zhang (2019) controls for a treatment group 
dummy and unit fixed effects simultaneously, which should lead to perfect multi-collinearity (we did 
not receive a response when we approached the authors). 
Yu and Xu (2023) reports extremely large estimates of the impact of ETS on provincial CO2 emissions 
(in log), using a log-linear equation. The estimated coefficient of -15.77 (from Table 4, Panel 1) 
indicates the ETS reduced provincial CO2 emissions in the pilot regions by 100%, which is 
implausible. In addition, one estimate in Tian et al. (2022) (Table 4, Column 3) was regarded as an 
outlier because of unlikely precision: the estimated effect size from a log-linear equation is -0.246, with 
a standard error of 0.001.  
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One explanation is that they reduce variations in the emissions levels that are brought 

about by population size, levels of economic development and other social-economic 

factors other than ETS. CO2 emissions per GDP is also called “carbon intensity”. It 

measures the amount of CO2 emissions emitted to produce one extra unit of GDP. As 

it is central government’s goal to mitigate carbon emissions without hurting economic 

growth, using carbon intensity as the environmental effectiveness measure rather than 

the absolute level of CO2 could make more sense.  

Functional Forms (Log-linear versus. Linear): Almost three-quarters of the estimates 

are from log-linear specifications. To obtain the approximate percentage change in CO2 

emissions induced by the implementation of ETS for these specifications, we need to 

take the coefficient of the ETS dummy and perform the transformation 𝑒𝑒𝛽𝛽�𝐸𝐸𝐸𝐸𝐸𝐸 − 1. 

Carbon Emissions Data Sources: There are three data sources for CO2 emissions used 

in primary studies. Since there is no official carbon emissions data by provinces in 

China, over half of the papers (63.4%) directly calculate CO2 emissions by following 

the IPCC (2006) guidelines and use energy consumption data from the China Energy 

Statistical Yearbook, for example, Chen et al. (2020) and Chen et al. (2022). A quarter 

of the papers use CO2 emissions data from the Carbon Emissions Accounts and Datasets 

(CEADs, 2023). And 11.2% of the estimates are based on other CO2 emission data 

sources.  

Scopes of Carbon Emissions: There are three scopes of emissions involved: direct 

carbon emissions from fossil fuel combustion, process emissions from cement 

production, and indirect emissions from consuming imported electricity. Accordingly, 

effect sizes can be categorized into those that 1) only account for direct emissions, 

which consists of half of total effect sizes; 2) account for both direct and process 

emissions (29.7%); 3) account for both direct and indirect emissions (9.5%); and 4) the 

range of carbon emissions is unknown, which corresponds to papers using other 

emission data sources (10.8%). Why is the emission scope important? Counting indirect 

and/or process emissions alongside the direct emissions captures the full picture of the 
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ETS-induced emission mitigation. It would be interesting to know whether regressions 

using data with different scope of emissions reach different conclusions.  

Time of Treatment: The existing literature also has different ways of defining the time 

of policy intervention. The pilot ETS program was announced in 2011, with five 

emission trading markets (in Shanghai, Beijing, Guangdong, Tianjin, and Shenzhen) 

opening in 2013 and two (Chongqing and Hubei) in 2014. To take into account the 

potential anticipating effect, if a study sets 2011 or 2012 as the treatment year, we define 

that as a “treatment based on announcement”. If a study sets 2013 or 2014 as the 

treatment year for all the pilots, we define that as “treatment based on trading”.  

Less commonly, some studies designate multiple treatment years according to the 

actual operation time of the emission trading market. In our data set, the percentages of 

effect sizes with “treatment based on announcement”, “treatment based on trading” and 

multiple treatment years are 24.0%, 57.8% and 18.1%, respectively. 

Late-adopters of ETS: In the literature, studies also differ with respect to the ways of 

dealing with observations from the two late-adopters of ETS, Fujian and Sichuan, as 

both provinces started carbon emissions trading in December, 2016 (Wang et al., 2022). 

Since three-quarters of the estimates in our dataset use data after 2016, the ways they 

dealt with late-adopters could potentially make a difference. To address the changes in 

treatment status, studies either drop observations for these two provinces after 2016 or 

regard Fujian and Sichuan as the treatment units. In our meta-analytic dataset, we 

distinguish between whether Fujian alone is taken into account (10.4% of the total 

observations) or both late-adopters are taken into account (4.5%), using either of the 

above methods. The majority of the effect sizes (85.1%) are from regression models 

that treat Fujian and Sichuan as control units even for years after 2015, though it might 

be inappropriate to do that. By distinguishing between these three cases, we can see 

whether the estimated impact of ETS is influenced by excluding late-adopters from the 

control units. 

Research Levels: As all the papers use panel data, we further record at what level the 
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analyses were conducted. The percentages of effect sizes from firm, city, province, and 

provincial-sector level studies are 14.2%, 22.5%, 52.5% and 10.8%, respectively. We 

also use a ETS sector dummy to indicate studies that focus on emissions from the ETS-

covered industrial sectors in the pilot regions, rather than emissions from the whole 

economy within a pilot region. The summary statistics shows that 15.7% of regressions 

in our dataset are using emissions only from sectors covered by the ETS.  

 

Empirical Methods: There are roughly seven types of empirical methods used in the 

literature. The most frequently used one is the standard difference-in-differences (DID) 

method, generating almost 60% of all the estimates. Apart from that, triple DID (1.8%) 

is used in the provincial-sector level studies. The “Instrumental” method group (1.2%) 

includes IV estimator and GMM to address endogeneity due to sample selection. 

“Matching” (22.8%) includes DID combined with Propensity Score Matching (PSM-

DID) and Synthetic DID, which conducts DID using the control units chosen by the 

Synthetic Control Method. In both cases, the treated units are matched with control 

units that have similar characteristics. Spatial models (4.5%) take into account spatial 

correlations between regions and account for possible spillover effects.   

In addition, two variations of the standard DID model are also estimated in the literature. 

One is the “one-way fixed effect model” (4.4%), in which the key independent variable 

is the ETS dummy, yet the model controls for either the year fixed effect or the unit 

fixed effect but not both. The other is the “interaction only” model (6.4%), which only 

includes the ETS dummy with no time or unit fixed effect. These two models seem to 

be miss-specified (omitted variables) and yet produced more than 10% of the estimates. 

We generate two dummies to indicate the estimates from these two models. 

Control Variables: Table 1 also lists 13 control variables and shows how often 

regression models include them. Among these variables, the top 3 most used variables 

are “GDP”, “industrial structure” and “trade openness”. We pay particular attention to 

two related policies, which are Five-Year-Plan carbon/energy intensity mitigation 
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targets (FYP-targets) and the Low-Carbon Provinces and Cities (LCPC) pilot program. 

These two policies not only serve as indicators of environmental policy stringency 

(Zhang et al., 2019), but can directly lead to emission reduction. Failure to control for 

them might cause omitted variable bias and overestimation of the impact of ETS.  

Publication Status: Finally, two variables concerning publication status are listed in 

Table 1. The dummy “Published” indicates that 90.7% of the estimates are from journal 

articles, whereas less than 10% of estimates are from working papers (including 

dissertations). The publications are all quite recent, with the mean publication year 

being 2021.  

2.3 Effect Size Transformation 

The original effect sizes from the 80 primary studies are not directly comparable. While 

three-quarters of the studies applied log-linear equations, the rest used emissions level 

rather than logged emissions as the dependent variable. The different dependent 

variables used in primary studies also lead to heterogenous effect sizes. As a result, 

effect size transformation is required before comparing the estimates. While partial 

correlation coefficients (PCC) seem to be a commonly used effect size transformation 

in many meta-analyses, it is correlated with its standard errors by definition (Stanley et 

al., 2024).   

A better effect size to use is the Fisher’s z transformed PCCs (“Fisher’s z” for short). 

The sampling variance of Fisher’s z does not depend on Fisher’s z itself (Irsova, 

Doucouliagos, et al., 2023; van Aert, 2023). Moreover, Fisher’s z more closely 

approximates a normal distribution compared to the PCC, especially when the PCC is 

different from zero (van Aert, 2023; Xue et al., 2023). The formula used to transform 

PCC into Fisher’s z is based on van Aert (2023) (see Appendix).  

The distribution of Fishers’ z is shown in Figure 2. According to the size categories of 

PCC documented in Doucouliagos (2011), Xue et al. (2023) further calculated 

corresponding threshold values for “small”, “medium” and “large” Fisher’s z values, 
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which are ±0.1, ±0.23, and ±0.41, respectively. Thus, in Figure 2, the blue and red 

dashed lines are set at ±0.1 and ±0.23 to indicate “small” and “medium” effects. Figure 

2 shows that the mean and median z values of our sample are -0.146 and -0.112, 

corresponding to medium effect sizes. Although most z values are within the small or 

medium size range, there are still many data points outside the range, especially in the 

negative domain (emission reductions).  

3. Meta-analytic Models 

 3.1 Conventional Meta-analytic Models 

This section briefly introduces two conventional 2-Level meta-analytic models 

assuming one estimate per study and two multilevel models that account for multiple 

estimates within a study and effect size dependency.  

The fixed-effect (FE) model assumes that all effect sizes stem from a single, 

homogeneous population. It assumes that effect sizes deviate from the population mean 

only because of the sampling error. While the FE model is a commonly used meta-

analytic mode, its assumption of homogeneity may not be realistic in many real-world 

applications (Harrer et al., 2021). An example would be different outcomes of interest, 

such as CO2 emissions per capita and CO2 emissions per GDP in our dataset, that likely 

lead to heterogeneous estimated effect sizes. 

The random-effects (RE) model acknowledges heterogeneity in effect sizes by 

assuming each study has a true effect, and all the study-level true effects are drawn from 

a normal distribution. Its model specification can be written as: 

𝐸𝐸𝐸𝐸𝑖𝑖 = 𝛽𝛽0 + 𝜇𝜇𝑖𝑖 + 𝜀𝜀𝑖𝑖,     

𝜇𝜇𝑖𝑖~𝑁𝑁(0, 𝜏𝜏2), 𝜀𝜀𝑖𝑖~𝑁𝑁(0, 𝑠𝑠𝑠𝑠(𝐸𝐸𝐸𝐸𝑖𝑖)2), 𝑖𝑖 = 1, … , 𝑆𝑆, 
(2) 

where 𝑖𝑖  stands for 𝑖𝑖 th study; 𝑆𝑆  is the total number of studies;  𝜇𝜇𝑖𝑖  is the deviation of 

study-level true effect from the population mean 𝛽𝛽0, and 𝜀𝜀𝑖𝑖 is the sampling error.  

Note that the fixed-effect model is a special case of random-effects models: When 𝜇𝜇𝑖𝑖 
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equals zero, the RE model reduces to the FE model. Since both FE and RE models 

assume one estimate per study, in Equation (3) there is no subscript 𝑗𝑗  – as for 𝑗𝑗 th 

estimate in a study.  

While both the FE and RE meta-analytic models produce a weighted overall mean 

effect, they differ in how the weights are assigned. While FE weighs effect size 𝑘𝑘 based 

on precision (inverse-variance) with the weight being 𝑤𝑤𝑘𝑘
𝐹𝐹𝐹𝐹 = 1

𝑆𝑆𝑆𝑆𝑘𝑘
2 , RE includes the 

between-study heterogeneity when determining the inverse-variance weight of each 

effect size and has as weight 𝑤𝑤𝑘𝑘
𝐹𝐹𝐹𝐹 = 1

𝑆𝑆𝑆𝑆𝑘𝑘
2+𝜏𝜏2

. Here, 𝜏𝜏2 is between-study variance, which 

quantifies the heterogeneity of the true effect sizes across studies. A large 𝜏𝜏2 would 

result in an estimated overall mean effect close to the unweighted overall mean effect 

from OLS. 

In the economics literature, it is common for a single study to provide multiple estimates. 

In our final data set, the average number of effect sizes per study is 9.1. Hedges et al. 

(2010) document three cases in which estimates from the same study could be 

correlated: 1) same unit of observation, different measures of outcome; 2) same unit of 

observation, effect sizes measured at different points in time; 3) same control group, 

several treatment groups. Some studies, such as Cui et al. (2021) and Dong et al. (2022), 

fit into case (1) because they base the analysis on the same dataset and use both carbon 

emissions and carbon intensity as the outcome variables. Some studies fit into case (2). 

For example, Dong et al. (2022) sets 2012 as the time of policy intervention and further 

switches to 2014 for robustness check. Zhang and Cheng (2021) is an example of the 

third case because it estimates the emission reduction effects for Beijing and Shanghai 

separately, using the same control units.  

For the above reasons, multilevel meta-analytic models that acknowledge the nesting 

structure of multiple effect sizes within the same study seem more appropriate, given 

the data we have. The first one is the hierarchical model (“HIER” for short), which is 

also called the “3-Level (3L) model”. It has three levels in the sense that it adds an extra 
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layer upon the RE model: The HEIR model assumes effect sizes within the same study 

follow a normal distribution with the mean being the study-level true effect. According 

to Cheung (2014) and Yang et al. (2022), the HIER model can be written as: 

𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝜇𝜇𝑖𝑖 + 𝜇𝜇𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖,  

𝜇𝜇𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑏𝑏2), 𝜇𝜇𝑖𝑖𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝑤𝑤2 ), 𝜀𝜀𝑖𝑖𝑖𝑖~𝑁𝑁 �0, 𝑠𝑠𝑠𝑠�𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖�
2
� , 𝑖𝑖 = 1, … , 𝑆𝑆, 

 

(3) 

where 𝜇𝜇𝑖𝑖 stands for deviation of study-level true effects from the population overall 

mean 𝛽𝛽0, and 𝜇𝜇𝑖𝑖𝑖𝑖 stands for the deviation of effect size 𝑗𝑗 within study 𝑖𝑖 from its study-

level true effect, 𝜇𝜇𝑖𝑖 . 𝜏𝜏𝑏𝑏2  and 𝜏𝜏𝑤𝑤2   are the sampling variances of the two normal 

distributions, which are called “between-study heterogeneity” and “within-study 

heterogeneity”.  

While the HIER model addresses the correlation between multiple effect sizes from the 

same study by assuming a normal distribution, it assumes the sampling errors to be 

uncorrelated with each other. The correlated and hierarchical (CHE) model takes a step 

further and assumes the within-study sampling errors are correlated. Accordingly, with 

the CHE model, the off-diagonal elements in the within-study variance-covariance 

(VCV) matrix are not zero. In practice, to build this VCV matrix with non-zero off-

diagonal elements, we follow Xue et al. (2023) and assume the level of correlation to 

be 0.5 (i.e. 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�𝜇𝜇𝑖𝑖𝑖𝑖, 𝜇𝜇𝑖𝑖𝑖𝑖� = 0.5).  

3.2 Test and Correction for Publication-bias  

Publication bias exists when the probability of a study getting published is affected by 

its results (Harrer et al., 2021). If the decision on whether or not to publish a study 

depends on the presence of statistically significant results, the resulting sample of 

published studies would not be representative of the population of all studies, which 

introduces a bias in the estimate of the true population effect. With publication selection 

based on statistical significance, studies with small effect sizes therefore are more likely 

to remain unpublished. As a result, the estimated overall mean effect based on the 
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published studies can be inflated.  

In the meta-analysis literature, the most common way of testing for publication bias is 

a visual inspection of the funnel plot combined with the Egger’s regression test. Funnel 

asymmetry is key to identifying whether a given area of research suffers from 

publication bias (Stanley & Doucouliagos, 2012). Alternatively, in Egger’s regression 

test, a statistically significant impact in a univariate regression of standard errors on the 

effect sizes is also considered to indicate the presence of publication bias (Stanley & 

Doucouliagos, 2012).  

In the presence of publication bias, there are two general approaches to obtaining bias-

adjusted estimates of the overall mean effect. One approach uses funnel-based models, 

whereas the other employs selection models. Irsova, Doucouliagos, et al. (2023) 

suggests that since both approaches have pros and cons, a meta-analyst should always 

use at least one procedure from each approach. In addition, Carter et al. (2019) also 

suggests that no single bias-correcting meta-analytic method (i.e., methods from both 

families) consistently outperforms all the others. Thus, in this paper, we use methods 

from the above two families in addition to two additional methods to correct for 

publication bias. 

PET-PEESE: The first method is the PET-PEESE model from the funnel-based method 

family to address publication bias. It builds on Egger’s regression, where observed 

effect sizes are regressed on a constant and their standard errors. In this framework, 

PET (Precision-Effect Test) focuses on determining whether a genuine effect exists 

beyond potential bias. Specially, after running Egger’s regression, if we set standard 

error equals to zero, we’ll obtain the estimated overall mean effect in the absence of 

publication bias, which is also called “effect beyond bias”. Note that this bias-adjusted 

overall mean effect from PET applies when the constant in the Egger’s regression is 

statistically insignificant. 

When the intercept is statistically different from zero, it might be more appropriate to 

fit a non-linear model between the effect sizes and standard errors. That’s when PEESE 
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(which stands for “Precision-Effect Estimate with Standard Errors”) comes in, which 

regresses effect sizes on a constant and standard error square. PEESE provides a better 

effect size approximation in the presence of an effect (Bartoš et al., 2022).  

Selection Model: The selection model used in this paper was first documented in Vevea 

and Hedges (1995). It assumes that the effect sizes are normally distributed and follows 

a random-effects model in the absence of publication selection. Yet publication 

selection distorts this normal distribution by introducing a relationship between the 

probability of getting published and the p-values (Vevea & Hedges, 1995). Usually 

effect sizes with p larger than 0.05 are less likely to be published, compared to the effect 

sizes statistically significant at the 5% level. Thus, the selection model weighs effect 

sizes from a set of prespecified p-intervals differently to adjust for publication bias.  

Estimation of the above selection model returns the mean 𝜇𝜇  and variance 𝜎𝜎2 , and a 

single weight, w, for the interval with 0.025 < 𝑝𝑝 < 1.00, relative to that of 𝑝𝑝 < 0.025. 

The weight associated with positive and significant estimates is by default set equal to 

one, while w is estimated for those observations with 0.025 < 𝑝𝑝 < 1.00 . The 

magnitude of w indicates how likely insignificant or wrong-signed estimates to be 

observed as the significant estimates. This model is commonly called the “Three 

Parameter Selection Model” (3PSM), because it returns 𝜇𝜇, 𝜎𝜎2, and w. The researcher 

can specify several p-intervals if each interval contains enough data points.  

RoBMA-PSMA: The above two approaches produce a single “best” estimate based on/ 

their respective assumptions. Robust Bayesian meta-analysis publication selection 

model-averaging (RoBMA-PSMA) fits the data with a set of 36 pre-specified models 

and produces a weighted overall mean effect using Bayesian Model Averaging, with 

weights decided by the fits of these models. The 36 models in the model space of 

RoBMA-PSMA are defined to accommodate three groups of situations: 1) The 

presence/absence of effect size (𝜇𝜇 = 0, 𝜇𝜇 ≠ 0);2) The presence/absence of publication 

bias; 3) The presence/absence of between-study heterogeneity: (𝜏𝜏 = 0, 𝜏𝜏 ≠ 0). 

Due to the lack of a priori information, RoBMA initially assigns equal prior model 
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probabilities (0.5) to models assuming the presence of an effect size and models 

assuming effect size equaling to zero. The underlying assumption is that before we 

know anything about what’s behind the “thick black curtain”, the assumptions are 

equally likely to be true. In other words, models assuming the effect size is different 

from zero have a 50% chance of being the “true” model. The same holds for the other 

two assumptions.  

When there is publication bias, eight methods (six selection models, PET and PEESE) 

are used to correct for publication bias. Each publication bias-adjusted model has a prior 

probability of  0.5
8
≈ 0.13 . After fitting the data with the models, Bayesian model 

averaging updates the probability of each model being the “true” model and returns the 

posterior model probability. Eventually, a weighted overall mean effect is obtained, 

with the weights based on posterior model probabilities indicating how well these 

models fit the data. 

MAIVE: The Meta-Analysis Instrumental Variable Estimator (MAIVE) estimator 

documented in Irsova, Bom, et al. (2023) is another way of correcting for publication 

bias. With PET-PEESE, standard errors of the effect sizes are treated as given and 

exogenous. Yet in the primary studies, given an effect size, researchers can p-hack the 

standard errors to achieve statistical significance, for example, by using another 

estimator or choosing not to cluster. This type of p-hacking leads to endogeneity of 

standard errors. 

To address this problem, Irsova, Bom, et al. (2023) proposes to use the inverse of the 

sample size an instrumental variable (IV) for the standard error/variance in PET-PEESE. 

A two-step procedure is recommended to obtain the bias-adjusted overall mean effect. 

In the first step, the square of the standard error is regressed on the inverse of the sample 

size (as shown in Equation A.7 in the Appendix). In the second step, the fitted value 

𝑆𝑆𝑆𝑆(𝛼𝛼�)𝑖𝑖2  from the first step is used to replace 𝑆𝑆𝑆𝑆(𝛼𝛼�)𝑖𝑖2  before estimating the PEESE 

model. 
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4. Estimates of the Overall Mean Effect 

Table 2 produces both weighted and unweighted estimates of the overall mean effect 

from the full sample. The effect size is Fisher’s z. Columns (1)-(3) in Table 2 report 

estimates from OLS, fixed-effect (FE) and random-effects (RE) models, assuming 

within-study independence between effect sizes. Column (4) reports the results from 

the hierarchical model (HIER) and Column (5) from the correlated and hierarchical 

(CHE) model. The standard errors reported in parentheses are clustered at the study 

level, using cluster robust standard error CR2 (Pustejovsky, 2016).  

As shown in Table 2, the bias-unadjusted overall mean effects are consistently negative 

across different estimators, varying between -0.157 and -0.041 (in Fisher’s z) and are 

statistically significant3.  

Table 3 describes the calculated weights that the FE and RE models assigned to each 

study. In the FE model, the top 3 studies with the highest weights account for more than 

two-thirds (68.6%) of total weights in estimating the overall mean effect. In the RE 

model, the sum of weights for the top 3 studies is only 5.01%. The study weights in 

Table 3 serve as a caution. With so much weight given to only three studies using the 

FE estimator, one needs to be concerned that the resulting overall mean is 

unrepresentative of the sample as a whole. Apart from that, both the FE and RE models 

ignore dependency within studies and hence are miss-specified.  

This is why we focus on 3-Level model. As we turn to the multilevel meta-analytic 

models, the HIER model in Column (4) and the CHE model in Column (5) of Table 2 

give us an estimated overall mean effect of -0.157 and -0.141, respectively. Our 

preferred estimate comes from the CHE model as it allows the within-study sampling 

errors to be correlated.. It indicates that the bias-unadjusted overall mean effect (in 

Fisher’s z scale) of the impact of China’s ETS on CO2 emissions is of medium size (-

 
3 Fisher’s z scores are not very ‘economically’ intuitive, so we conduct a subsample analysis using the 
original effect sizes taken from the log-linear regressions in section 7. 
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0.141) and is statistically significant.  

From the discussion in the methodology section, we know that total heterogeneity 

across estimates can be sourced to between-study (𝜏𝜏𝑏𝑏2) and within-study heterogeneity 

(𝜏𝜏𝑤𝑤2 ). Following Assink and Wibbelink (2016), two separate log-likelihood-ratio tests 

were conducted to determine whether the between-study and within-study variances are 

significant. The null hypothesis (𝐻𝐻0: 𝜏𝜏2 = 0) was rejected at the 1% level, indicating 

there are significant within- and between-study variance in the data set. Formulas from 

Cheung (2014) were used to calculate the within- and between-study 𝐼𝐼2, with the results 

shown in Table 2.  

5. Correction for Publication Bias 

5.1 Results from FAT-PET-PEESE 

The contour-enhanced funnel plot based on the FE model is shown in Figure 3. Figure 

3 suggests more negative effect sizes than positive ones. It also becomes visible that 

fewer effect sizes fall within the insignificant area (the white area) than within the 

significant area. The asymmetric funnel plot serves as the primary evidence of selective 

publication. Furthermore, one can notice a diagonal trend in the distribution of effect 

sizes along the contour line. In the left side of Figure 3 with negative effect sizes, a 

larger SE corresponds to a more negative effect size, and vice versa. This represents the 

primary indication of publication bias, which we now test for statistically.  

Table 4 reports the results from Egger’s regression. Columns (1)-(5) are based on 

univariate regressions with the standard error being the only explanatory variable. 

Columns (6)-(10) are based on multivariate regression, in which additional control 

variables are included. Since the estimated coefficients of 𝑆𝑆𝑆𝑆(𝑧𝑧𝑖𝑖)  are statistically 

significant across all 10 models in Table 4, we can conclude that there is strong evidence 

of the presence of publication bias.  

The first row of Table 4 reports the “effect beyond bias”. For columns (1)-(5), it is the 

constant term in the univariate regressions, which show us what the overall mean effect 
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would be if there is no publication bias (i.e., the predicted estimate of an infinitely 

precise study, with 𝑆𝑆𝑆𝑆(𝑧𝑧𝑖𝑖) = 0). Columns (6)-(10) reports “effect beyond bias” from 

multivariate regressions, obtained in post-estimation prediction by setting  𝑆𝑆𝑆𝑆(𝑧𝑧𝑖𝑖) = 0 

and the values of control variables at their sample means.  

Table 4 shows that the estimated “effects beyond bias” from multivariate models are 

on average larger than those from the univariate models. The “effect beyond bias” 

estimated from the CHE model is -0.040 in univariate regression and -0.062 in 

multivariate regression. These estimates are both less than 0.10 in absolute value, thus, 

are categorized as “small” effect sizes according to Xue et al. (2023). The fact that they 

are also less than half the size of the unadjusted overall mean effect (-0.141) suggests 

that publication bias considerably inflates the overall un-adjusted mean effect.  

5.2 Alternative Ways of Addressing Publication Bias 

Table 5 reports bias-adjusted estimates from alternative methods4. According to the 

univariate CHE model (cf. Column (5), Table 4), the coefficient of standard errors is 

significant, and the constant is significantly different from zero. Thus, we can go one 

step further and fit the PEESE model. Table 5 Column (1) shows that the bias-adjusted 

effect from the multivariate CHE-PEESE model is -0.111 and statistically significant 

at the 1% level.  

Table 5 Column (2) reports the results from the one-sided selection model, assuming 

selection is based on both sign  and significance. To be specific, negative and 

statistically significant effect of China’s pilot ETS on CO2 emissions is more likely to 

be published. To fit the selection model, estimated effect sizes are divided into two 

groups: estimates with a negative sign and significant at the 5% level (𝑝𝑝 > 0.975); and 

all other estimates. The resulting bias-adjusted, estimated overall mean effect is -0.057 

 
4  The newly-developed R packages RoBMA and MAIVE do not have an option to add explanatory 
variables. For consistency, no moderators are thus included in any of the meta-analytic models across all 
four columns in Table 5. Only by holding the moderator constant, we can analyze how different methods 
affect estimates. 
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and statistically significant.  

In Table 5 Column (3), we report the bias-adjusted estimate of the overall mean effect 

from RoBMA, which is -0.101 with a 95% credible interval of [-0.110, -0.092]. Built 

into RoBMA are six selection models as well as PET and PEESE to correct for 

publication bias. In our case, RoBMA selects just two of these models. The associated 

estimate is a weighted average of these two one-sided selection models, with the 

weights based on posterior model probabilities. Both models assume the overall mean 

effect is different from zero and have cross-study heterogeneity. They also assume 

publication selection based on significance and sign. The first one-sided selection 

model uses three p-value cutoffs to distinguish effect sizes that are positive and 

significant (0 < 𝑝𝑝 < 0.025), positive and marginally significant (0.025 < 𝑝𝑝 < 0.05), 

positive and insignificant (0.05 < 𝑝𝑝 < 0.5), and negative (0.5 < 𝑝𝑝 < 1). The posterior 

model probability indicates that the probability of this model being the “true” model 

underlying the data is 94.1%. The other one-sided selection model uses two p-value 

cutoffs, 0.05 and 0.5, which does not distinguish positive effect size that are significant 

at the 5% level and marginally significant at the 10% level. Its posterior model 

probability is 5.9%.   

Column (4) applies the MAIVE estimator. The resulting bias-adjusted estimate of the 

true effect is -0.080 and is statistically significant. In the subsequent Hausman test, the 

null hypothesis of no endogeneity is rejected, likely due to reverse causality between 

the effect size and its standard error in the PEESE model, or omitted variable bias. For 

this reason, we prefer the estimates from Columns (2)-(4) in Table 5 over the PET-

PEESE estimates, which assume exogeneity of the standard error variable. 

Our conclusion about the publication bias-adjusted overall mean effect is based on bias 

correction techniques other than PET-PEESE, given the endogeneity of standard errors 

of effect sizes indicated by the MAIVE estimator. According to the selection model, 

RoBMA and the MAIVE estimator, the bias-adjusted estimates of the overall mean 

vary between -0.057 and -0.101, corresponding to “small” effect sizes. The estimates 
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from these methods tell a consistent story, showing that the bias-adjusted effect of 

China’s ETS on CO2 emissions is negative and significant, and smaller than the 

unadjusted overall mean effect. 

6. Explaining Heterogeneity 

So far, we have focused on publication bias and finding the “best” overall mean 

estimate. In this section, we focus on explaining why different studies find different 

estimates in the first place. With this aim, the moderators listed in Table 1 are included 

in the meta-regression to examine the influence of research characteristics on the 

estimated effect sizes. To address publication bias, we include the standard error 

variable in the specification. The endogeneity of standard errors should not be a 

problem if the omitted moderators are the only source of the endogeneity. The 

unweighted least squares (OLS) meta-regression estimates are reported in Columns (1)-

(2), Table 6.  

According to Columns (1)-(2) in Table 6, the unweighted meta-regression shows that 

the coefficient of the standard errors of Fisher’s z (-2.559) is strongly significant. Apart 

from that, the coefficients of “Instrumental” (0.056) and “Population” (-0.039) are 

significant at the 10% level. It means that if – all else equal – a primary study uses an 

IV estimator, the absolute effect size is reduced by 0.056, compared to the DID 

estimates. Meanwhile, controlling for population size in the regression model would 

increase the estimated reduction effect by 0.039. The variable “CO2 per capita” has a 

coefficient of 0.065, indicating that using CO2 emissions per capita as the dependent 

variable would result in a smaller reduction effect, compared to using the “Other” kind 

of dependent variable. Yet this coefficient is not statistically significant.  

Undoubtedly, the estimates from OLS meta-regression reported in columns (1)-(2), 

Table 6, are affected by multicollinearity. Bayesian Model Averaging (BMA) is one 

way of addressing this problem. Instead of basing inference on the full model with all 

the moderators, BMA averages all possible models of variable combinations using their 

posterior model probabilities as weights.  
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The BMA results are shown in Table 6, Columns (3)-(5). Given strong evidence of the 

presence of publication bias from the preceding analysis, we add the Fisher’s z standard 

error variable into all model specifications. The choice of model priors and coefficient 

priors follows the default in Zeugner and Feldkircher (2015). 

Column (3), Table 6 reports the posterior inclusion probability (PIP) for each moderator, 

indicating its probability of belonging to the “true” model underlying the observed 

effect sizes. In identifying important moderators, the standard PIP threshold is 0.50. 

Moderator with low PIP (less than 0.5) suggests weaker evidence for the moderator’s 

importance in explaining the observed effect sizes. Note that the Fisher’s z SE variable 

has a PIP equaling to 1, since we forced it to be included in all model specifications. 

Otherwise, only “Population” has a PIP larger than 0.5, while all the other variables 

have PIPs less than 0.50.   

The posterior mean of coefficients in Column (4), Table 6 denotes the weighted average 

marginal effect of a study characteristic on the reported effect sizes (in Fisher’s z scale) 

across multiple models. Table 6 indicates that the weighted average coefficient for 

Fisher’s z SE is -2.71. The coefficient for “Population” is -0.032, close to that from 

OLS regression. This suggests that in the primary studies, population size, growth or 

intensity is correlated with both CO2 emissions and the treatment status, possibly 

because ETS pilots were more likely to be implemented in developed regions with large 

populations. Thus, regressing CO2 emissions on ETS while omitting “Population” from 

the model, decreases the size of the effect of ETS. The coefficient estimates of the other 

moderators are all very small.  

In summary, the unweighted, OLS meta-regression and the BMA analysis indicate that 

the only research characteristic that plays a significant role in explaining heterogeneity 

in the estimated effect of China’s ETS on CO2 emissions is “Population”, namely 

whether a study controls for population size, growth or density.   



25 
 

Classification: Public 

7. Economic Significance and Subsample Analysis 

Following Irsova, Doucouliagos, et al. (2023)’s advice, we conduct subsample analysis 

using the original effect sizes taken from the log-linear regressions in the sample, which 

make up almost three quarters of the estimates. By doing so, we can retrieve 

economically meaningful results in terms of relative carbon emission reduction. This 

subsample consists of 540 estimates from 57 primary studies. We apply the same 

techniques as in the full sample analysis to the subsample to check the robustness of 

the main results (i.e., whether our conclusion that China’s pilot ETS significantly 

reduced CO2 emissions holds in the subsample) and obtain an economic interpretation 

of the overall mean effect. The results are discussed in the following paragraphs, and 

the detailed results are presented in the appendix. 

7.1 Estimating the Overall Mean Effect in Subsample 

Table A1 reports bias-unadjusted overall mean effects of the subsample from five 

estimators, which range from -0.048 to -0.188. Since the effect size here is the 

regression coefficients from log-linear models, we can further transform it into the 

percentage change in CO2 emissions using 𝑒𝑒𝛽𝛽�𝐸𝐸𝐸𝐸𝐸𝐸 − 1. The transformed overall mean 

effects range thus between -4.7%  and -17.1%.  

Our preferred estimate is the one transformed from the CHE model in Column (5), 

which shows an overall mean reduction of 14.3% in CO2 emissions. Our decision is 

based on: 1) The high level of heterogeneity as indicated by the 𝐼𝐼2 values corresponding 

to the four meta-analytic models; 2) The impression that the FE model estimates the 

population mean based on a few studies in Table A2, which casts doubt on the reliability 

of the FE estimates and votes for the other meta-analytic estimators that can avoid this 

drawback; 3) The fact that the studies have multiple effect sizes. 

7.2 Test and Correcting for Publication Bias in Subsample  

Table A3 reports the results from Egger’s regression. Except for the OLS regressions 
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in Columns (1) and (6), we find strong evidence of the presence of publication bias in 

the other models.  

Table A3 also reports the bias-adjusted overall mean effect from both univariate 

regressions (Columns (1)-(5)) and multivariate regressions (Columns (6)-(10)). Our 

preferred estimate from the multivariate CHE model indicates that China’s ETS reduces 

CO2 emissions in the pilot regions by 12.3%. Again, the estimated overall absolute 

mean effects from the multivariate models are larger in size (more negative) than those 

from univariate regressions.  

Bias-adjusted estimates of the overall mean effect from alternative approaches for the 

subsample are reported in Table A4. No control variables were added to these models. 

The first three columns in Table A4 estimate negative and significant bias-adjusted 

overall mean effects ranging from -5.5% to -14.4%.  

While the estimates from PET-PEESE, selection model and RoBMA show a consistent 

picture, the MAIVE estimator produces a different estimate as reported in Column (4), 

Table A4. It estimates a positive overall mean effect of ETS on CO2 emissions, 31.3% 

(𝑒𝑒0.272 − 1), which is large in size but is statistically insignificant. Since the test 

statistics of the Hausman test is 0.548, compared to a critical value of 3.841, we fail to 

reject the null hypothesis of no endogeneity. As a result, we favor the OLS estimate 

which is BLUE rather than the IV estimate. Thus, Column (5) further reports the OLS 

estimate of the PEESE model which does not involve weighting based on precision, 

just as the MAIVE estimate in Column (4). The resulting bias-adjusted OLS estimate 

of the overall mean effect is an emission reduction of 16.6% (𝑒𝑒−0.181 − 1). 

Given all these methods, it’s hard to decide which one gives us the preferred bias-

adjusted estimate because they all depend on different assumptions that are not directly 

testable. We therefore conclude that the bias-adjusted overall mean effect ranges 

between -16.6% (from the OLS estimate of the PEESE model) and -5.5% (from the 

one-sided selection model). 
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7.3 Explaining Heterogeneity in Subsample 

Table A5 shows the results from Bayesian Model Averaging and OLS meta-regression. 

The moderators are almost the same as in the full sample analysis, with two slight 

changes. Firstly, the dummy indicating whether the effect size is from a log-linear 

model is excluded. Secondly, due to multicollinearity, one emission scope indicator 

“Direct Emissions Only” is also dropped from the variable list. To capture the impact 

of publication bias, we force standard errors of the effect size into every model 

specification when conducting BMA. 

Factors causing between-study and within-study heterogeneity in the estimated effect 

sizes are identified according to Table A5. To begin with, the standard error variable 

has a relatively large impact, with its posterior mean being -0.25. Variables with 

posterior inclusion probability (PIP) larger than 0.5 include “Direct_Indirect” (which 

means accounting for both direct and indirect emissions in emission calculation), 

“Instrumental”, “Matching”, “Fixed Asset Ratio”, and “Published”. These variables all 

have high probabilities of being in the “true” model that explains the variation in the 

estimated effect sizes. In the OLS meta-regression, only “Matching”, “Urbanization” 

and “Fixed Asset Ratio” have estimated coefficients significant at 10% level. Since 

multicollinearity in the OLS regression might inflate standard errors and cause 

difficulties in testing individual coefficients, one should refer to the results from BMA 

for contributing factors of the estimated effect sizes.   

8. Conclusions  

Using meta-analysis, this paper estimates how much China’s pilot ETS program has 

reduced CO2 emissions. Knowing the extent to which China’s ETS pilots have been 

effective is important not just for China but also for other emerging markets, that are 

considering implementing ETS with characteristics similar to China’s ETS. 

We apply both 2-Level and 3-Level meta-analytic models to a sample that consists of 

80 studies and 732 estimated effect sizes. To estimate the overall mean effect, we 
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transform these effect sizes into Fisher’s z scores. In addition, because Fisher’s z scores 

are not so easy to interpret, we also conduct a meta-analysis on a subsample of effect 

sizes from log-linear model specifications, which make up 540 estimates from 57 

studies out of 80. The effect sizes in the subsample have a clear economic meaning and 

measure the percentage change in CO2 emissions induced by the implementation of the 

ETS program.  

While there seems to be a tradeoff between the number of observations in the meta-

analytic dataset and the interpretability of effect sizes in the full sample and subsample, 

their meta-analytic results are quite consistent. Based on our preferred models, both the 

full sample and subsample analysis obtain negative and statistically significant overall 

mean effects. The size of the overall mean effect in the full sample can be considered 

as a “medium” effect size (approximately -0.14 in both in Fisher’s z scale and as partial 

correlation coefficient). In the subsample, the overall mean effect indicates an emission 

reduction of 14.3% on average in the pilot regions. 

Like most meta-analyses in economics, strong evidence of the presence of publication 

bias was detected in both the full sample and the subsample. Correspondingly, we base 

our conclusion on the publication bias-adjusted estimates. Due to the endogeneity of 

the standard error variable, we further prefer the estimates from the selection model, 

RoBMA-PSMA (the weighted average of two selection models) and the MAIVE 

estimator over the estimates from the PET-PEESE model. The resulting bias-adjusted 

overall mean effects range between -0.101 and -0.057 (in Fisher’s z scale). The fact that 

these numbers are smaller than the bias-unadjusted estimates suggests that publication 

bias does inflate the estimated effect of China’s ETS in the literature. In the subsample, 

the bias-adjusted overall mean effects range from -16.6% to -5.5%. 

Our analysis further suggests that what methods a study uses and what variables a study 

controls for affect the estimated effect size: for example, including population size 

results in a larger estimated effect of ETS in the full sample, while using a matching 

methodology is associated with smaller effect sizes in the sub-sample. Researchers’ 
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choices thus affect effect sizes found in the primary study. This indicates it is important 

for researchers to both clearly motivate their methodological choices as well as 

highlight the variation in estimates as one changes methodological assumptions.  

Overall, this paper, combined with two other meta-analyses (Döbbeling-Hildebrandt et 

al. (2023), Ahmad et al. (2024)) of carbon pricing systems worldwide, provides robust 

evidence that carbon pricing regimes can significantly reduce CO2 emissions. Our 

overall means show emission reductions of up to -16.6%. This suggests that an ETS, 

like the one implemented in China, can make a sizeable dent in the total emissions of 

emerging economies, even without a fixed cap and despite low carbon prices. Those 

aiming for even larger declines in emissions, however, will need to sharpen how 

emission trading systems are applied or complement an ETS with additional emission-

reducing measures. 
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Table 1. Description of Variables 

Variable Description Mean Min Max 

Dependent Variable 
1) Total_CO2 =1, if Dep. Variable is total CO2 emissions 0.675 0 1 
2) CO2_per_capita =1, if Dep. Variable is CO2 emissions per capita 0.063 0 1 
3) CO2_per_GDP =1, if Dep. Variable is CO2 emissions per GDP 0.260 0 1 
--- Other_Dep* =1, if Dep. Variable is other measure 0.005 0 1 
4) Log =1, if Dep. Variable is in natural Logarithm 0.738 0 1 

Emissions Data Source 
5) Source_Selfcalc =1, if CO2 emission is calculated by the author(s) 0.634 0 1 
6) Source_CEADs =1, if CO2 emission is from the CEADs database 0.254 0 1 
--- Source_Other* =1, if CO2 emission is from other source 0.108 0 1 

7) Direct_Process 
=1, if “CO2 emissions” includes both direct 
emission from fossil fuel combustion and process 
emissions from cement production 

0.297 0 1 

8) Direct_Indirect 
=1, if “CO2 emissions” includes both direct 
emission from fossil fuel combustion and indirect 
emissions from electricity consumption 

0.095 0 1 

--- Direct_Emissions* =1, if “CO2 emissions” only includes direct 
emission from fossil fuel combustion 0.499 0 1 

Treatment Year & Units 
9) Treat_Trading =1, if treatment year is 2013 or 2014 0.578 0 1 

10) Treat_Multiperiod =1, if treatment year is after 2012 and is set 
differently for different treated unit 0.181 0 1 

--- Treat_Announce* =1, if treatment year is 2011 or 2012 0.240 0 1 
11) FJ_treated =1, if Fujian is regarded as the treated unit 0.104 0 1 

12) FJ_SC_treated =1, if both Fujian and Sichuan are regarded as the 
treated units 0.045 0 1 

--- Both_nontreated =1, if neither Fujian nor Sichuan is regarded as 
the treated unit 0.851 0 1 

Study Level 
13) Firm_level =1, if data are firm level 0.142 0 1 
14) City_level =1, if data are city (or county) level 0.225 0 1 
--- Province_level* =1, if data are province level 0.525 0 1 
15) Sector_level =1, if data are provincial-sector level 0.108 0 1 

16) ETS_Sector 
=1, if data only includes one or several ETS-
covered industrial sectors instead of the whole 
economy  

0.157 0 1 

Empirical Models & Methodology 
17) Triple DID =1, if data is fitted by a triple DID model 0.018 0 1 

18) One-way FE =1, if regression model includes a Post*Treated 
dummy and controls for either time or unit FE 0.044 0 1 

19) Instrumental =1, if address for endogeneity 0.012 0 1 
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20) Spatial Model =1, if data is fitted by a spatial model 0.045 0 1 

21) Matching  =1, if treated and control units are matched before 
regression 0.228 0 1 

22) Interaction only  

=1, if regression model includes only a 
Post*Treated dummy (without neither time or 
unit FE), or is regressed using a random-effect 
model 

0.064 0 1 

--- Standard DID* =1, if data is fitted by a standard DID model 0.589 0 1 
Control Variables 

23) GDP =1, if controls for GDP or total output  0.612 0 1 

24) GDP_square =1, if controls for squared GDP or squared total 
output 0.090 0 1 

25) Population =1, if controls for total population, population 
growth or population density 0.386 0 1 

26) Urbanization =1, if controls for level of urbanization  0.180 0 1 
27) Industrial_Structure =1, if controls for indices of industrial structure 0.535 0 1 

28) Energy_Consump 
=1, if controls for energy intensity (energy 
consumption/GDP) or energy structure (coal/total 
energy consumption) 

0.266 0 1 

29) Envi_Regulations =1, if controls for the level/stringency of 
environmental regulation 0.232 0 1 

30) Openness =1, if controls for FDI, export (or import)/GDP 0.430 0 1 

31) R&D =1, if controls for level of R&D, No. of patents, 
etc. 0.246 0 1 

32) Fixed_Asset_Ratio =1, if controls for the ratio of fixed asset to GDP 
(or gross output) 0.072 0 1 

33) State_Owned_Ratio =1, if controls for the ratio of state-owned asset 
to GDP (or gross output) 0.010 0 1 

34) FYP_Targets 
=1, if controls for the Five-Year-Plan carbon 
intensity (or energy intensity) mitigation targets 
or FYP dummy 

0.037 0 1 

35) LCPC =1, if controls for the Low-Carbon Provinces and 
Cities pilot program 0.011 0 1 

Publication Status 
36) Published  =1, if the study is a published journal article  0.907 0 1 
37) Publication Year The year of publication 2021 2019 2023 

Note: The asterisk * marks the baseline category among a group of dummies stemming from the same 
categorial variable. 
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Table 1. Estimating Overall Mean Effect 

 OLS 
(1) 

FE 
(2) 

RE 
(3) 

HIER 
(4) 

CHE 
(5) 

 -0.146*** 
(0.015) 

-0.041** 
(0.010) 

-0.128*** 
(0.013) 

-0.157*** 
(0.011) 

-0.141*** 
(0.010) 

I2 - 93.4% 98.8% 
Within: 58.7% 

Between: 
40.1% 

Within: 67.8% 
Between: 

31.0% 

Estimates  732 732 732 732 732 

Studies  80 80 80 80 80 

Note: The dependent variable is Fisher’s z. Standard errors are estimated using the “CR2” cluster robust 
standard error estimator and are reported in parentheses. *, **, and *** indicate statistical significance 
at the 10-, 5-, and 1-percent level, respectively. 
 
 
 
 

 Table 3. Study Weights from FE and RE Models 

FE RE 

Author No. of 
Estimates 

Study 
weight Author No. of 

Estimates 
Study 
weight 

Shi et al. (2022)  25 37.5% Cui et al. (2021) 46 1.70% 

Cui et al. (2021)  46 23.2% Shi et al. (2022) 25 1.66% 

Gao et al. (2020) 24 7.9% Yang et al. (2023) 24 1.65% 

Sum of Top 3 68.6% Sum of Top 3 5.01% 

Note: This table reports the top 3 studies with the highest weights (%) in the fixed-effect model (FE) 
and random-effects model (RE).  
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Table 4. Bias and Effect beyond Bias from the PET Model 

 OLS 
(1) 

FE 
(2) 

RE 
(3) 

HIER 
(4) 

CHE 
(5) 

OLS 
(6) 

FE 
(7) 

RE 
(8) 

HIER 
(9) 

CHE 
(10) 

Constant 
(Effect 

beyond bias) 

-0.009 
(0.012) 

-0.006 
(0.004) 

-0.010 
(0.009) 

-0.048*** 
(0.015) 

-0.040** 
(0.013) 

-0.020 
(0.022) a 

-0.021 
(0.016) a 

-0.027 
(0.025) a 

-0.064*** 
(0.031) a 

-0.062*** 
(0.031) a 

SE 
(Bias) 

-2.782*** 
(0.295) 

-2.864*** 
(0.185) 

-2.755*** 
(0.239) 

-2.193*** 
(0.294) 

-2.286*** 
(0.275) 

-2.559*** 
(0.458) 

-2.545*** 
(0.301) 

-2.418*** 
(0.433) 

-1.710*** 
(0.442) 

-1.718** 
(0.465) 

Estimates 732 732 732 732 732 732 732 732 732 732 

Studies 80 80 80 80 80 80 80 80 80 80 

Note: The dependent variable is Fisher’s z. Standard errors are estimated using the “CR2” cluster robust standard error estimator and are reported 
in parentheses. *, **, and *** indicate statistical significance at the 10-, 5-, and 1-percent level, respectively. Columns (1)-(5) corresponds to 
estimates from the univariate regression; columns (6)-(10) multivariate regression. 
 

 Table 5. Alternative Bias-adjusted Estimates of the Overall Mean Effect 

 CHE (PEESE) 
(1) 

Selection Model 
(2) 

RoBMA 
(3) 

MAIVE 
(4) 

𝜇𝜇 
(Bias-adjusted estimate 

of the overall mean) 

-0.111*** 
(0.010) 

-0.057*** 
(0.009) 

-0.101*** 
[-0.110, -0.092] 

-0.080*** 
(0.008) 

Summary Negative, significant Negative, significant Negative, significant Negative, significant 

Note: The dependent variable is Fisher’s z. Column (3) reports 95% confidence intervals of the estimate. In Column (1), (2) and (4), standard 
errors are estimated using the “CR2” cluster robust standard error estimator and are reported in parentheses. *, **, and *** indicate statistical 
significance at the 10-, 5-, and 1-percent level, respectively. The estimates in all four columns are from univariate regression.  
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 Table 6. Bayesian Model Averaging 

 OLS BMA 
 Coeff SE PIP Post Mean Post SD 
Fisher’s z SE -2.559***  0.458  1.000  -2.710  0.146  
Total_CO2 0.024  0.033  0.024  0.000  0.002  
CO2_per_capita 0.065  0.048  0.313  0.014  0.024  
CO2_per_GDP 0.016  0.033  0.021  0.000  0.002  
Log 0.001  0.022  0.027  0.000  0.002  
Source_Selfcalc -0.016  0.043  0.020  0.000  0.002  
Source_CEADs -0.012  0.053  0.018  0.000  0.002  
Direct_Process 0.026  0.067  0.019  0.000  0.001  
Direct_Indirect 0.045  0.065  0.033  0.001  0.004  
Direct_only 0.021  0.053  0.019  0.000  0.001  
Treat_Trading -0.003  0.022  0.020  0.000  0.002  
Treat_Multiperiod 0.017  0.035  0.019  0.000  0.002  
FJ_treated -0.027  0.041  0.025  0.000  0.003  
FJ_SC_treated -0.002  0.039  0.019  0.000  0.003  
Firm_level 0.036  0.036  0.030  0.000  0.004  
City_level 0.037  0.031  0.021  0.000  0.002  
Sector_level -0.009  0.048  0.021  0.000  0.002  
ETS_Sector 0.027  0.033  0.025  0.000  0.003  
Triple DID -0.002  0.027  0.017  0.000  0.005  
Instrumental   0.056*  0.027  0.038  0.002  0.012  
Interaction only -0.012  0.040  0.030  -0.001  0.004  
Matching  -0.029  0.026  0.074  -0.001  0.006  
One-way FE -0.029  0.062  0.037  -0.001  0.007  
Spatial Model -0.004  0.026  0.018  0.000  0.003  
GDP 0.020  0.024  0.093  0.002  0.006  
GDP_square 0.043  0.032  0.260  0.010  0.018  
Population -0.039*  0.020  0.927  -0.032  0.014  
Urbanization -0.016  0.021  0.028  0.000  0.003  
Industrial_Structure -0.011  0.020  0.020  0.000  0.002  
Energy_Consump 0.031  0.023  0.102  0.002  0.006  
Envi_Regulations 0.000  0.024  0.019  0.000  0.002  
Openness 0.017  0.024  0.029  0.000  0.002  
R&D -0.027  0.027  0.164  -0.004  0.010  
Fixed_Asset_Ratio -0.046  0.029  0.032  -0.001  0.005  
State_Owned_Ratio -0.022  0.073  0.017  0.000  0.007  
FYP_Targets -0.022  0.036  0.018  0.000  0.003  
LCPC -0.013  0.019  0.016  0.000  0.006  
Published  -0.017  0.030  0.020  0.000  0.002  
Publication Year -0.010  0.010  0.053  0.000  0.002  

Note: The dependent variable is Fisher’s z. The column headings Post Mean, Post SD and PIP stand 
for Posterior Mean, Posterior Standard Deviation, and Posterior Inclusion Probability. The OLS 
standard errors in Column (5) are estimated using the “CR2” cluster robust standard error estimator. *, 
**, and *** indicate statistical significance at the 10-, 5-, and 1-percent level, respectively. 
 



39 
 

Classification: Public 

Figure 1. PRISMA Flow Diagram
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Figure 2. Distribution of Fisher’s z 

 
 

 Figure 3. Funnel Plot from the FE Model (Full Sample) 
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Appendix 

Part A: Effect Sizes Transformation 

1. Transforming regression coefficients into partial correlation coefficients (PCC) 

(Xue et al., 2023): 

𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 =  𝑡𝑡𝑖𝑖

�𝑡𝑡𝑖𝑖
2+𝑑𝑑𝑑𝑑𝑖𝑖

 ,  A.1 

𝑠𝑠𝑠𝑠(𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖) =  1−𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
2

�𝑑𝑑𝑑𝑑𝑖𝑖
 A.2 

Here, 𝑡𝑡𝑖𝑖 and 𝑑𝑑𝑑𝑑𝑖𝑖 are the t-statistic and degrees of freedom associated with the 

respective effect size. 

 

2. Transforming PCC into Fisher’s z (van Aert, 2023): 

𝑧𝑧𝑖𝑖 = 0.5 × 𝑙𝑙𝑙𝑙𝑙𝑙 (
1 + 𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖

) A.3 

𝑠𝑠𝑠𝑠(𝑧𝑧𝑖𝑖) =  
1

�𝑑𝑑𝑑𝑑𝑖𝑖 − 3
 A.4 

Here, 𝑧𝑧𝑖𝑖 stands for Fisher’s z. 

 

Part B: Meta-analytic Models 

1. PET-PEESE 

PET:     𝛼𝛼�𝑖𝑖 = 𝛼𝛼0 + 𝛽𝛽𝑆𝑆𝑆𝑆(𝛼𝛼�)𝑖𝑖 + 𝜀𝜀𝑖𝑖 A.5 

PEESE:     𝛼𝛼�𝑖𝑖 = 𝛼𝛼0 + 𝛽𝛽𝑆𝑆𝑆𝑆(𝛼𝛼�)𝑖𝑖2 + 𝜀𝜀𝑖𝑖 A.6 

 

2. The MAIVE estimator 

𝑆𝑆𝑆𝑆(𝛼𝛼�)𝑖𝑖2 = 𝜓𝜓0 + 𝜓𝜓1 �
1
𝑁𝑁𝑖𝑖
� + 𝜐𝜐𝑖𝑖 A.7 

Here, 𝑖𝑖 stands for 𝑖𝑖th study. 𝛼𝛼�𝑖𝑖 stands for effect sizes and 𝑆𝑆𝑆𝑆(𝛼𝛼�)𝑖𝑖 is the standard errors 

of the effect size. 
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Part C: Results from Subsample Analysis  

Table A1. Estimating overall mean effect (Subsample) 

 OLS 
(1) 

FE 
(2) 

RE 
(3) 

HIER 
(4) 

CHE 
(5) 

constant -0.188*** 
(0.023) 

-0.048** 
(0.018) 

-0.153*** 
(0.017) 

-0.161*** 
(0.017) 

-0.154*** 
(0.017) 

I^2 - 98.1% 98.1% Within: 15.4% 
Between: 82.9% 

Within: 29.1% 
Between: 69.4% 

Estimates  540 540 540 540 540 

Studies  57 57 57 57 57 

Note: The dependent variable measures the change in carbon emissions (in log) caused by the 
implementation of ETS. Standard errors are estimated using the “CR2” cluster robust standard error 
estimator and are reported in parentheses. *, **, and *** indicate statistical significance at the 10-, 5-, 
and 1-percent level, respectively. 
 

Table A2. Study Weights (Subsample) 

FE RE 

Author No. of 
Estimates 

Study 
weight (%) Author No. of 

Estimates 
Study 
weight 

Han et al. (2023) 12 46.62 Cui et al. (2021) 46 2.24 

Li & Wang (2022) 6 9.49 Yang et al. (2023) 24 2.19 

Yang et al. (2023) 24 7.86 Dong et al. (2022) 25 2.17 

Sum of Top 3 63.97 Sum of Top 3 6.6 

Note: This table reports the top 3 studies with the highest weights (%) in the fixed-effect model (FE) 
and random-effects model (RE) in the subsample analysis.  
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Table A3. Bias and Effect beyond Bias from the PET Model (Subsample) 

 OLS 
(1) 

FE 
(2) 

RE 
(3) 

HIER 
(4) 

CHE 
(5) 

OLS 
(6) 

FE 
(7) 

RE 
(8) 

HIER 
(9) 

CHE 
(10) 

Constant 
(Effect 

beyond bias) 

-0.149*** 
(0.028) 

-0.019 
(0.008) 

-0.073*** 
(0.016) 

-0.119*** 
(0.019) 

-0.119*** 
(0.023) 

-0.164*** 
(0.023) 

-0.052*** 
(0.020) 

-0.093*** 
(0.028) 

-0.123*** 
(0.040) 

-0.131*** 
(0.055) 

SE 
(Bias) 

-0.390 
(0.295) 

-2.522*** 
(0.282) 

-1.481*** 
(0.358) 

-0.750** 
(0.274) 

-0.897** 
(0.352) 

-0.240 
(0.138)a 

-1.843*** 
(0.343)a 

-1.188*** 
(0.317)a 

-0.698** 
(0.270)a 

-0.811** 
(0.350)a 

Estimates 540 540 540 540 540 540 540 540 540 540 

Studies 57 57 57 57 57 57 57 57 57 57 

Note: The dependent variable measures the change in carbon emissions (in log) caused by the implementation of ETS. Standard errors are estimated 
using the “CR2” cluster robust standard error estimator and are reported in parentheses. *, **, and *** indicate statistical significance at the 10-, 
5-, and 1-percent level, respectively. Columns (1)-(5) corresponds to estimates from the univariate regression; columns (6)-(10) multivariate 
regression.
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Table A4. Alternative Bias-adjusted Estimates of the Overall Mean Effect (Subsample) 

 CHE (PEESE) 
(1) 

Selection Model 
(2) 

RoBMA 
(3) 

MAIVE 
(4) 

OLS(PEESE) 
(5) 

𝜇𝜇 -0.155*** 
(0.017) 

-0.057*** 
(0.012) 

-0.113*** 
[-0.125, -0.102] 

0.272 
(0.431) 

-0.181*** 
(0.023) 

Summary Negative, significant Negative, 
significant Negative, significant Positive, insignificant Negative, significant 

Note: The dependent variable measures the change in carbon emissions (in log) caused by the implementation of ETS. Column (3) reports 95% 
confidence intervals of the estimate. In Column (1), (2), (4) and (5), standard errors are estimated using the “CR2” cluster robust standard error 
estimator and are reported in parentheses. *, **, and *** indicate statistical significance at the 10-, 5-, and 1-percent level, respectively. The 
estimates in all four columns are from univariate regression.  
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Table A5. Results from Bayesian Model Averaging (Subsample) 

 OLS BMA 
 Coeff SE PIP Post Mean Post SD 
Standard Error -0.240  0.138  1.000  -0.250  0.068  
Total_CO2 0.034  0.037  0.023  0.000  0.005  
CO2_per_capita 0.018  0.076  0.014  0.000  0.005  
CO2_per_GDP 0.076  0.043  0.027  0.001  0.006  
Source_Selfcalc -0.013  0.088  0.019  0.000  0.004  
Source_CEADs 0.104  0.160  0.021  0.000  0.005  
Direct_Process -0.148  0.137  0.027  -0.001  0.006  
Direct_Indirect 0.099  0.086  0.658  0.072  0.061  
Treat_Trading -0.057  0.059  0.119  -0.005  0.016  
Treat_Multiperiod -0.033  0.066  0.060  0.002  0.012  
FJ_treated 0.009  0.056  0.064  0.004  0.017  
FJ_SC_treated -0.003  0.086  0.015  0.000  0.006  
Firm_level 0.006  0.064  0.023  0.001  0.007  
City_level 0.030  0.057  0.059  0.002  0.011  
Sector_level 0.061  0.061  0.015  0.000  0.007  
ETS_Sector -0.094  0.087  0.197  -0.014  0.033  
Triple DID -0.093  0.088  0.015  -0.001  0.023  
Instrumental  -1.132  0.503  1.000  -1.129  0.108  
Interaction only -0.035  0.077  0.017  0.000  0.007  
Matching  -0.138*  0.075  0.960  -0.096  0.036  
One-way FE -0.057  0.039  0.021  -0.001  0.010  
Spatial Model -0.113  0.078  0.340  -0.045  0.071  
GDP -0.017  0.039  0.044  -0.001  0.009  
GDP_square 0.006  0.075  0.018  0.000  0.006  
Population -0.036  0.043  0.023  0.000  0.005  
Urbanization 0.113*  0.054  0.229  0.018  0.037  
Industrial_Structure -0.032  0.031  0.140  -0.007  0.019  
Energy_Consump 0.039  0.031  0.022  0.000  0.004  
Envi_Regulations 0.028  0.053  0.018  0.000  0.004  
Openness 0.004  0.032  0.017  0.000  0.003  
R&D -0.003  0.053  0.019  0.000  0.005  
Fixed_Asset_Ratio -0.180*  0.072  0.995  -0.161  0.043  
State_Owned_Ratio 0.094  0.100  0.025  0.002  0.022  
FYP_Targets -0.126  0.070  0.048  -0.006  0.037  
LCPC -0.167  0.102  0.042  -0.006  0.037  
Published  0.088  0.074  0.580  0.054  0.053  
Publication Year 0.003  0.014  0.016  0.000  0.002  

Note: The dependent variable measures the change in carbon emissions (in log) caused by the 
implementation of ETS. The column headings Post Mean, Post SD and PIP stand for Posterior Mean, 
Posterior Standard Deviation, and Posterior Inclusion Probability. The OLS standard errors in Column 
(5) are estimated using the “CR2” cluster robust standard error estimator. *, **, and *** indicate 
statistical significance at the 10-, 5-, and 1-percent level, respectively.
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