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1 Introduction

How effective would a carbon policy be if it was adopted in a country that did not cur-

rently have such a policy in place? The climate consequences of greenhouse gas (GHG)

emissions have led many countries to implement policies designed to lower their carbon

footprints, but Australia has lagged behind most other developed countries in this re-

spect. This paper estimates the hypothetical effect of Australia adopting a greenhouse

gas mitigation policy like the 2005 European Union Emissions Trading System (EU-ETS).

Australian per capita emissions in 2018 were more than three times the global av-

erage. One major factor is Australia’s high dependency on fossil fuel for electricity. In

2020, fossil fuels (coal, gas and oil) contributed around 75% of Australian electricity gen-

eration while renewables (hydro, wind and solar) contributed the remaining 25%. This

high dependency on fossil fuel has persisted despite the fact that Australia’s geographical

characteristics make it particularly vulnerable to climate change effects. Over 2013 - 2019

Australia recorded seven of its warmest years since records began, with 2019 being the

warmest on record and the catastrophic 2019-2020 bushfire season was also the worst on

record. Further, precipitation patterns have been disrupted, with severe droughts and

floods occurring with greater frequency. These disasters have not only had negative con-

sequences on Australian society and its economy, but have also degraded the Australian

environment and led to large losses in its unique native wildlife and fauna.

Emission abatement is essential, but the two mitigation policies that have been in-

troduced since Australia ratified the 1998 Kyoto Protocol in 2007 have done little to

reduce emissions. The first of these policies was the 2011 Clean Energy Act (CEA),

which sought to align Australia’s carbon pricing to the 2005 European Union Emissions

Trading Scheme (EU-ETS) by 2015. The CEA was repealed in 2014 after a change in

government in 20131, but given that the EU-ETS is one of the largest emission trading

systems in the world and the intention of the CEA was to emulate the EU-ETS, we view

1The Emissions Reduction Fund (ERF) was established in its place, and this fund subsidises applicants
who can show that their projects avoid or save carbon emissions. Emitters’ participation is voluntary,
and ERF allocations are small, irregular and subject to moral hazard.
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the EU-ETS as a relevant policy benchmark for Australia. We take Australia’s first Na-

tionally Determined Commitment (NDC) - to reduce green house gas emissions to 26 to

28 % below 2005 levels by 2030 - as the policy target, and investigate the extent to which

an EU-ETS type scheme might have helped Australia to meet its emissions target.

We estimate the impact of Australia adopting a policy similar to the EU-ETS by de-

veloping a synthetic treatment approach that adapts the synthetic control methodology

proposed in Abadie and Gardeazabal (2003) and Abadie et al. (2010) for our purpose.

Synthetic control was originally designed to estimate the impact of a policy by construct-

ing a counterfactual outcome of the target variable, had the policy of interest not been

implemented. The counterfactual is constructed using the target variable (or its pre-

dictors) from other units (regions, countries or individuals) that are not subject to the

policy. Our synthetic treatment framework works differently, in that we use emissions

data of the EU-ETS participants and the relationships between the carbon emissions of

these countries and Australia’s, to construct counterfactual Australian CO2 emissions per

capita under a policy similar to the EU-ETS.

Ideally, the EU-ETS participants (donors) used to construct the Australian coun-

terfactuals would be similar to Australia with respect to features that characterise the

behaviour of the target variable. Harvey and Thiele (2021) formalise this concept in a

time series setting by suggesting that relevant donors might share a common stochastic

trend with the target variable of interest. We adopt a similar approach in our synthetic

treatment analysis, but use a less stringent interpretation of trend that is based on work

in Phillips (1998). Further, our work that assesses whether variables have a “common

trend” draws on that outlined in Chen et al. (2021).

When constructing the counterfactual Australia CO2 emissions, we combine the CO2

emissions of only those EU-ETS participants that follow the same (upward) “trend” as

Australian emissions (before treatment). Furthermore, we assume that an EU-ETS type

policy has a non-transient effect on the trend of EU emissions, which is appropriate given

that carbon policy aims to reduce a country’s emissions over a long period of time. We
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also assume that although the trend changes once EU-ETS is implemented, the new trend

remains common to the donor countries. We then estimate our synthetic treatment in a

way that is consistent with this intuition.

Our treatment effect estimates the causal effect that an EU-ETS would have had

on Australian carbon emissions, with our treated group being chosen on the basis of

their parallel trends with Australian emissions prior to their treatment. This differs from

other retrospective studies on EU-ETS, such as Bel and Joseph (2015) or Bayer and

Aklin (2020) which estimate the impact of EU-ETS on its participants given both pre-

and-post treated observations of the targeted EU-ETS country emissions. Ellerman and

Buchner (2008) use pre-2005 total emissions and sectoral production data to “predict”

2005 - 2006 emissions for EU-ETS participating entities, had they not been subject to

EU-ETS. Chen et al. (2018) adopts a more structural computable general equilibrium

(CGE) model proposed by Goulder and Hafstead (2018) to estimate the impact of US

Carbon Tax under different scenarios.

Our synthetic treatment approach to construct an estimate of the effects of a hypo-

thetical policy is novel in the literature. Compared to Ellerman and Buchner (2008),

our approach does not require the adoption of the policy. Furthermore, our atheoretic

framework is less prone to distortion brought about by potentially unrealistic theoretical

restrictions. We see our framework as complementary to the CGE-based predictions.

Our main results are as follows. We find that Australian (per capita) carbon emissions

would have been lower by about 4.5% with the policy in place. This result is robust to

several variations of our estimation methods. Admittedly, this estimated policy impact

is not large, but it it leads to an estimate of per capita carbon emissions in 2030 that

are approximately 28.1% lower than those in 2005. However, Australia’s population is

growing, with the likely consequence that total carbon and GHG emissions might actually

increase relative to those in 2005, even with an EU-ETS type policy in place.

The remainder of the paper is structured as follows. Section 2 provides a brief descrip-

tion of the EU-ETS and some history of Australian carbon policy. Section 3 describes
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our synthetic treatment framework and section 4 presents our main results. Section 5

presents additional results and discussion. Finally, section 6 concludes.

2 EU-ETS and Australian Carbon Policy

Broadly speaking, carbon pricing mechanisms can be grouped into two categories, namely

carbon taxes and emission trading systems (ETS). A carbon tax is a cost that emitters

have to pay for each applicable unit of emissions whereas an ETS is essentially a market

where polluters can trade emissions permits. Typically, entities covered by an ETS scheme

are allocated a cap of emissions that they are allowed to emit over a set period of time.

Emitters that would like to produce more carbon emissions than their allowances have to

purchase permits from other emitters that produce less emissions than their allowances.

The price of these permits is determined by the supply-demand mechanism in the permit

market.

The EU-ETS was established in 2005 and in its first phase (2005 - 2007) it covered

entities such as power stations and other energy intensive producers. Phase 2 (2008 -

2012) covered domestic aviation as well as those entities in Phase 1, and Phase 3 (2013

- 2020) added in other producers that emit high levels of carbon emissions. A fourth

stage (2021 to 2030) focuses on a reduction of emission permits, and targets a 43% net

reduction of GHG over 2005 - 2030 from those entities covered by the legislation. The

EU-ETS covers all 27 EU member countries as well as Iceland, Liechtenstein, Norway

and the UK, and it affects about 41% of all EU’s GHG emissions. See Schmalensee and

Stavins (2017) for more background on the EU-ETS.

Australia launched an emissions trading scheme in July 2012 as part of the 2011 Clean

Energy Act. The scheme applied to polluters whose emissions were higher than a set

threshold, and electricity producers dominated the market for carbon permits. Initially,

entities were required to purchase carbon allowances from the government at a fixed price,

and the intention was for the Australian ETS to become aligned with the EU-ETS by
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2015. However, the Act met with strong opposition driven by the fossil fuel lobby that

denounced the ETS as a tax, and this led to its repeal in 2014.

The Emissions Reduction Fund (ERF) (which replaced the Clean Energy Act) pro-

vides incentives for low cost abatement programs in the agricultural sector, but it has

not spent existing funding, partly because many emission abatement projects that have

been given the “go-ahead” have been unable to deliver. The ERF did have some ini-

tial success, but emission abatement in Australia flattened thereafter. Nevertheless, in

2016, the Australian government committed to reduce total GHG emissions by 26-28% of

2005 levels by 2030 (Australian Department of Industry, Science, Energy, and Resources,

2020), and it has recently announced a national plan to reduce Australian GHG emissions

to a net zero target over the next three decades, as outlined in (Australian Department

of Industry, Science, Energy and Resources, 2021). The latter document lists five guid-

ing principles, the first of which is “technology, not taxes”, which implicitly rules out

another ETS given that the fossil-fuel lobby views the ETS as a tax. This document

emphasises the potential for green hydrogen projects to reduce emissions, but meanwhile

the Australian economy will rely on fossil fuel extraction until the natural retirement of

associated mines and plants.2

Although the target set in 2016 and the more recent “net zero by 2050” plan are

aligned with global objectives, the ongoing lack of effective carbon policy in Australia as

well as disconnect with reduction actions taken in other developed countries raise doubts

about whether the 2016 commitments are attainable. This raises questions regarding

whether earlier action might have helped Australia to meet its commitments. Here, we

investigate the extent to which an EU-ETS aligned scheme might have helped Australia

to meet its initial emission targets set in 2016.

2Australia has the third largest reserves of coal in the world and is the second largest exporter of coal.
It is also the second largest exporter of liquefied natural gas (LNG).
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3 Synthetic Treatment

The synthetic control methods proposed by Abadie and Gardeazabal (2003) are often used

to assess the effect of a policy (treatment) when some regions/states/countries experience

a “treatment”, while other regions/states/countries do not. One estimates the effect of

the treatment on an outcome variable by comparing the observed “treated” outcome

with a weighted average of observed “non-treated” outcomes, where the second quantity

provides a counterfactual for the “treated” outcome, had the treatment not occurred.

This methodology relies on an assumption that prior to treatment, both the treated and

untreated regions have similar features, and that although some features of the treated

region change with the treatment, those features for the untreated regions do not change.

An important step in implementing this methodology is to ensure that “donor” regions

used for constructing the counterfactual have features in common with the treated region

prior to treatment, and that these donors maintain features in common with each other

after the treatment. Some recent studies that have used synthetic control to evaluate the

impact of carbon policies include Andersson (2019) for Swedish carbon tax, Bayer and

Aklin (2020) for the EU-ETS, Leroutier (2022) for the UK Carbon Pricing System and

Pretis (2022) for the carbon tax in British Columbia, Canada.

Our goal in this paper is to estimate the hypothetical effect of implementing an EU-

ETS type policy in Australia from 2005 onwards, and our synthetic treatment adapts

synthetic control methodology to provide this estimate. Here, our region of interest

(Australia) is untreated, and we use data from treated donor regions (European countries)

to construct a synthetic treatment. Our outcome variable of interest is per-capita carbon

emissions in Australia, and we initially focus on the trend inherent in Australian per-

capita carbon emissions prior to 2005 as a feature. We choose those emission series from

European countries that have the same trend in common with the Australian series prior

to 2005, and have a common (but potentially new) trend with each other thereafter to

identify the causal effect. European emissions series that satisfy both common trend
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requirements are used as “donors” for constructing the (post 2004) synthetic treatment.

We discuss our concept of a trend, our identification of common trends, and the way in

which we construct donor weights in the subsections that follow.

3.1 A Common Trend Model

Let y0,t be Australian CO2 emissions per capita and yi,t be a corresponding emissions

series for a European donor country. We have T observations at hand, with t = 1, . . . , T0

relating to the pre-treatment period. For t = T0 + 1, . . . , T , the donor emissions have

been treated, while the Australian emissions have not.

We assume that y0,t and yi,t share a common trend prior to the implementation of the

policy. The existence of a common trend in this early part of the sample implies that the

emission trajectories of the two countries were similar prior to any policy intervention,

and then makes it reasonable to assume that these trajectories would continue to be

similar, if an emissions policy were applied to both. The common trend in emissions

might be attributable to a variety of reasons - perhaps the main industries (and hence

energy demands) of the two countries are similar, or their current energy sources are

similar, but we do not try to explicitly model this. As explained below, our definition

of a common trend does not explicitly condition on the form of the common trend. It

might (but need not) be a stochastic trend, it might be a deterministic trend or it might

be a mixture of both. All we require is that a linear combination of the two series will be

a stationary ergodic process. Therefore, from period t = 1 to period t = T0, we assume

that the per-capita emissions in these two countries evolve according to

y0,t = µ0
t + ε0,t, ε0,t ∼ (0, σ2

ε,0) (1)

yi,t = θiµ
0
t + ci + εi,t, εi,t ∼ (0, σ2

ε,i) (2)

where µ0
t is the common trend for non-treated emission series, while ε0,t and εi,t denote

the non-trending components of Australia and donor i emission series. The two non-
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trending terms can be serially correlated and correlated with each other. The loading

coefficient for the trend in yi,t is θi (with θi > 0 so that y0,t and yi,t trend in the same

direction) and ci denotes a country specific intercept.3

The EU-ETS is introduced in period T0 + 1 and the donor becomes a treated unit

while Australia remains untreated. There are now two different trends, µ0
t for Australia

and a new trend µ1
t for the policy donor, which reflects the impact of the EU-ETS policy.

For t = T0 + 1, . . . , T , the per-capita emissions in these countries evolve according to

y0,t = µ0
t + ε0,t, ε0,t ∼ (0, σ2

ε,0)

yi,t = θiµ
1
t + ci + εi,t, εi,t ∼ (0, σ2

ε,i). (3)

The specification (3) indicates that the process for Australian emissions is unaffected,

and we assume that although the policy affects the emissions trend in the donor country,

the loading coefficient θi and the intercept ci remain unchanged. These assumptions

are reasonable, and they imply that had Australia adopted the EU-ETS in T0 + 1, the

counterfactual Australian emissions from T0 + 1 onward would have evolved according to

yCF
0,t = µ1

t + ε0,t, ε0,t ∼ (0, σ2
ε,0). (4)

Further, the effect of the EU-ETS, denoted by λt would then be

λt = µ1
t − µ0

t . (5)

Note that we can use the pretreatment data and equations (1) and (2) to estimate θi

and ci, although we need to recognise that the non-trending components ε0,t and εi,t are

potentially correlated and use an estimation approach that accounts for endogeneity.

3We identify the trend by normalising the loading coefficient and the intercept in the Australian
emission equation to one and zero respectively.
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3.2 Testing for a Common Trend

We follow the approach proposed by Chen et al. (2021) to determine a co-trending rela-

tionship between Australia and a potential donor i. This approach builds on the common

feature literature (Engle and Kozicki, 1993) and accounts for a general trend specification

in our emission series and correlations between the non-trending components.

From (1) and (2), the relationship between y0,t and yi,t can be estimated using

y0,t = α0,i + α1,iyi,t + vi,t, t = 1, 2, . . . , T0. (6)

Note that yi,t and the error vi,t are correlated, so although OLS is superconsistent for

estimating α1,i, this estimate can be severely biased due to the endogeneity of yi,t. How-

ever, Phillips (1998) shows that any generic trending process can be validly represented

using trending regressors that are independent of that process, and Chen et al. (2021)

use this to argue that polynomials in τt = t/T0 provide valid instruments for a trend

and can therefore be used to solve the endogeneity issue. The idea here is that polyno-

mial functions in time are relevant predictors for a trending variable such as yi,t but are

uncorrelated with non-trending variables such as vi,t.

In our empirical exercise, we use normalised discrete Legendre polynomials (Neuman

and Schonbach, 1974) of order J = 3 as instruments. This polynomial is defined by

ψj (t, T0) =
1

Mj

j∑
s=0

(−1)s
(
j

s

)(
j + s

s

)
t∗(t∗ − 1) . . . (t∗ − s+ 1)

n(n− 1) . . . (n− s+ 1)
, t∗ = 0, 1, . . . , T0 − 1, j = 0, 1, 2, 3

Mj =

(
1

2j + 1

(n+ j + 1)(n+ j) . . . (n+ 1)

n(n− 1) . . . (n− j + 1)

)1/2

t∗ = t− 1, n = T0 − 1.

Our instruments at time t are given by a vector φt =

[
ψ0(τt) ψ1(τt) ψ2(τt) ψ3(τt)

]′
where ψ0(τt) is a constant, and our estimates of αi =

[
α0,i α1,i

]′
in (6) are obtained using

2SLS. Rearrangment of the terms in φt leads to an equivalent but simplified instrument
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set given by φt =

[
1 t t2 t3

]′
.

If y0,t and yi,t share a common trend, then the errors vi,t in (6) should contain no

trend component and will be uncorrelated with the instruments. Testing for a common

trend between y0,t and yi,t can be performed in a way similar to the over-identification

test for IVs; that is, the slope coefficients of ψj(t, T0), j = 1, 2, 3 in the regression

vi,t =
3∑

j=0

κi,jψj(t, T0) + νi,t,

where νi,t is the regression error, should be insignificant. The associated test-statistic is

based on work in Sargan (1958), and its χ2 limiting distribution is derived in Chen et al.

(2021). In the current setting the distribution is χ2
2, and we classify yi,t as a potential

donor series for y0,t when we fail to reject the null of a common trend.

3.3 Estimation of a synthetic treatment

We estimate our synthetic treatment in a way that is consistent with our common trend

model.4 The main idea is to construct counterfactual Australian emissions using the

emission series yi,t for each of K donors, and combine them using a weighted average to

obtain a single counterfactual.

Each individual counterfactual is obtained using the 2SLS estimates obtained from

(6), which measures the relationship between Australian and donor i’s emissions prior to

intervention in Europe. Our assumption that the coefficients in (2) do not change when

intervention takes place in Europe, allows us to use (3) and the estimated αi from (6) to

estimate the post-treatment trend µ̂1
i,t in each donor country via

µ̂1
i,t = α̂0,i + α̂1,iyi,t, t = T0 + 1, . . . , T.

We then use these estimates in (4) to obtain K estimates of the counterfactual series for

4There are various ways to estimate a synthetic control. See for instance, Abadie and Gardeazabal
(2003), Hsiao et al. (2012), Bai et al. (2014), Xu (2017) and Harvey and Thiele (2021).
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Australian emissions, i.e.

ŷCFi
0,t = α̂0,i + α̂1,iyi,t, t = T0 + 1, . . . , T,

where α̂0,i + α̂1,iyi,t captures the trending component of yCFi
0,t . The construction of ŷCFi

0,t

accounts for possible endogeneity when estimating (6), and thereby avoids bias in the

estimates of α1,i, which in turn might bias the estimate of the impact of the policy. We

note the importance of our assumption that the θi and ci are unaffected by the policy.

If these parameters change with the treatment, then we have insufficient information to

estimate µ̂1
i,t and ŷCFi

0,t .

With K donors, we can obtain K estimates of the counterfactual where each estimate

is constructed using only a single donor yi,t. These K estimates can be combined to yield

µ̂1
t =

K∑
i=1

wiµ̂
1
i,t =

K∑
i=1

wiŷ
CFi
0,t

wi ≥ 0, and
K∑
i=1

wi = 1,

where wi is the weight on the estimate of the counterfactual constructed using donor i.

There are many sets of weights that satisfy these constraints. Since all K trend estimates

share a common trend with the Australian emission series prior to the treatment, one

approach is to take the first principal component of the K (pre-treatment) counterfactuals

and weigh them using the associated loadings. Let ϕi denote the loadings of the principal

component associated with µ̂0
i,t. The weight on donor i is then set to

wi =
ϕi∑K
j=1 ϕj

. (7)

Finally, to obtain an estimate of the treatment effect λt, we first note that the treat-
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ment effect can be written as λt = µ1
t − µ0

t which can be estimated using

λ̂t = µ̂1
t − y0,t, t = T0 + 1, . . . , T. (8)

3.4 Comparison to Synthetic Control

In a synthetic control framework, the unit of interest (unit 0) is treated while units i (for

i = 1, . . . , K) are not. Instead of (8), the estimate of the treatment effect is obtained as

λ̂t = y0,t − µ̂0
t for t = T0 + 1, . . . , T . The difference is that the actual treated value of y0,t

is observed and an estimate of the non-treated counterfactual outcome of y0,t is required.

One way to estimate the non-treated trend is to combine the K fitted values from the

common trend equation between y0,t and yi,t estimated using pre-treatment observations.

In our synthetic treatment framework, we have to specify how the policy affects the

donor variables. In particular, we assume that: (i) the EU-ETS affects the trend compo-

nent of EU emissions; and (ii) the EU-ETS does not affect the coefficients in the DGP.

As highlighted above, these are important assumptions. However, these assumptions

are not required in synthetic control, since the actual outcome under the treatment is

observed. Synthetic control estimates counterfactuals when the treatment never occurs

and thus, neither do any changes in the DGP, whether they be in the common trend or

the coefficients. Consequently, using pre-treatment data always yields estimates of the

counterfactuals that are consistent with the intended hypothetical absence of the policy.

In principle, our synthetic treatment framework could be used to estimate the effect

of no EU-ETS on our EU donors, similar to a synthetic control.5 However, only one

country, (Australia), could be used to construct the EU counterfactuals, so that the “no

treatment” effect estimate would likely be inaccurate. In contrast, having multiple donors

for a synthetic treatment allows for the “idiosyncratic” effects arising from each donor to

be “averaged out”, which is likely to lead to more accurate treatment effect estimates.

5One can follow similar estimation steps. The difference is that the dependent and independent
variables/units in the common trend regression (6) are swapped.
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4 Empirical Results

4.1 Data

We use CO2 per capita data from the World Bank database. The sample countries

include Australia and EU-ETS participant. These data are annual and cover the period

from 1960-2018, making a total sample size of T = 59. Due to missing observations, a

number of EU members, including France, Germany and Italy, had to be excluded. In

total, this left us with 20 EU-ETS participants as possible donors, and these possible

donors are listed in the Appendix. The EU ETS was established in 2005, which in our

sample corresponds to t = 46, so T0 = 45.

Figure 1 plots Australian annual CO2 emissions per capita over the entire sample

period. Australian emissions exhibit an upward trend over this period with an average

growth rate of 1.36%. Notice that Australian emissions start to trend downwards before

2011, which was when the Clean Energy Act 2011 was introduced. It is also notable that

Australian emissions did not exhibit an upward trend after the Act was repealed in 2014.

Figure 1: Australian CO2/capita emissions
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4.2 EU Donors

We define y0,t = 100∗ ln(CO2 per capita) and yi,t analogously, and test for pre-treatment

common trends in y0,t and each yi,t using the common trend test outlined in subsection 2.1.

Table 1 shows details relating to the bivariate common trend relation between Australian

and six donor emission series. In each case α̂1 is positive, the first stage F-test (St1 F)

supports instrument validity, the 2SLS R2 shows that equation (6) provides a good fit to

the data, and the common trend (CT) test statistic classifies the country as a donor.

Table 1: Common trend tests and associated statistics for the pre-treatment sample

Country α̂0 α̂1 St 1 F R2 CT p-val
Cyprus 201.49 0.422 594 0.95 0.529
Greece 209.13 0.345 2134 0.97 0.474
Ireland 103.38 0.785 345 0.91 0.145
Malta 219.52 0.350 303 0.91 0.109
Portugal 223.64 0.375 853 0.93 0.116
Spain 188.11 0.490 416 0.91 0.133

2SLS Estimates of (6), the F-statistic associated with the
first stage regression, the 2SLS R2 and the P-value asso-
ciated with the overidentification test.

We initially found nine potential donors when we looked at the common trend test

results, but two of the estimated α̂1,i (for the UK and Luxemburg) were negative, indi-

cating that their emission series were trending in the opposite direction from Australia’s,

so we excluded them from our donor pool. The α̂1,i = 4.224 for Iceland was positive and

the common trend test for Iceland delivered a p-value of 0.322, but the first stage F-test

was 5.97 which suggested that our instruments were weak in this case, and the 2SLS R2

was -1.004, indicating that the estimated equation for Iceland did not track the data at

all. Given this evidence we also excluded the Icelandic emissions from our donor pool.

The chosen donor countries have several characteristics in common with Australia (in

addition to the common trend in the pretreatment period). First and foremost is that

electricity production in these countries is highly dependent on fossil fuels, but other

potentially relevant characteristics are that both agriculture and tourism are important
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industries in all these countries, and all are small open economies.

Figure 2 plots the emission series for Australia and the six chosen donors. During

the pretreatment period, the Australian series shows a slow and steady upward trend,

as do the series for the chosen donor countries. Turning to the post-treatment sample

(also illustrated in Figure 2), we note that Australian emissions show a gradual decline

whereas the observed donor series show a more pronounced decline from 2005 until about

2013, and then all except Malta “flatten” over the last few years in the sample.

Figure 2: Australian and donor country carbon emissions

4.3 Impact of EU-ETS on Australia’s Emissions

Our weighted counterfactual for Australia (based on K = 6 donor contributions and

their (pre-treatment) principle components) is illustrated in Figure 3, together with the

observed Australian emissions series. The two series are close in 2005, but the gap between

them widens until 2011 and then rapidly declines until 2014, before widening again.

The estimates of the treatment effect over the period 2005-2018, using the method

described in subsection 3.3, are given in the second column of Table 2. Note that we have

not adjusted these estimates for the possible effects of the 2011 Australian Clean Energy

Act that was in place between 2012-2014. The reported (counterfactual) reductions in

Australian carbon emissions per capita in each year over the period 2005-2018 range

between about 1% and 8%.
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Figure 3: Australian emissions and the weighted counterfactual

Table 2: Impact of EU-ETS on Australian per capita carbon emissions

Bootstrap Distribution
Year PC Sd 2.5% 97.5%
2005 -0.671 1.119 -3.377 1.051
2006 -1.703 1.080 -4.292 -0.031
2007 -3.983 1.057 -6.507 -2.353
2008 -4.545 0.995 -6.898 -3.010
2009 -8.125 0.920 -10.133 -6.584
2010 -6.640 0.888 -8.601 -5.147
2011 -7.046 0.905 -8.976 -5.457
2012 -6.043 0.900 -7.968 -4.478
2013 -6.313 0.853 -8.049 -4.741
2014 -2.577 0.850 -4.295 -0.989
2015 -3.650 0.844 -5.324 -2.017
2016 -5.215 0.888 -6.976 -3.477
2017 -3.222 0.922 -5.041 -1.422
2018 -2.793 0.894 -4.538 -1.013

Average -4.466 0.865 -6.316 -2.961

Estimates of λt using principal component-
based weights (PC) and their bootstrapped
standard errors and 95% confidence intervals.
See the Appendix for details relating to the
bootstrap procedure.

One way to summarise the treatment effect from Table 2 is to calculate the average

of the treatment effect as λ̄ = 1
14

∑2018
t=2005 λ̂t, which is reported in the last row of Table
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2. This suggests that the EU-ETS is expected to lower Australian emissions by roughly

4.5% relative to its current level (assuming that λt is a stationary process).6

We provide context for this last result by observing that a 4.5% decrease in Australian

per capita carbon emissions is relatively small. Australia’s per capita carbon emissions

in 2018 were roughly 2.8 times higher than the average per capita emissions of the donors

and 2.4 times higher than the average per capita emissions of the EU-ETS participants.

A 4.5% reduction in Australian per capita carbon emissions in 2018 would imply that

Australia would still be emitting around 2.66 times the average emissions of the EU

donors or around 2.25 times the average emissions of the EU-ETS participants.

While the impact of EU-ETS on Australian emissions is estimated to be relatively

small, our estimate is roughly in line with several other studies on carbon policy (not

limited to EU-ETS). Bayer and Aklin (2020) estimate that the EU-ETS lowered EU total

emissions between 2008-2016 by roughly 3.8%. With respect to European carbon taxes,

Metcalf and Stock (2022) find that a $40/ton CO2 tax on sectors that covers 30% of a

country’s emissions can reduce total emissions in these sectors by 4-6 % over a 6-year

period. Rafaty et al. (2020) find that implementing a carbon price lowers the growth

rate of emissions in several emission-intensive sectors by around 1.5%. Moreover, using a

panel of 43 countries, Best et al. (2020) find that implementing either a carbon tax or a

carbon trading scheme can lower a country’s emissions per capita from fuel combustion

(which accounts for 80% of total emissions) by around 12% after 3 years. Finally, Lin

and Li (2011) find that carbon tax can have a rather weak impact on emissions if the tax

exemption rate on emission intensive sector is too high.7

6If we adjust for the 2011 Clean Energy Act by excluding the 2012-2014 values when calculating the
average effect of an EU-ETS policy in Australia, this yields an estimate of −4.327 which is close to our
baseline result of −4.466.

7Other studies focus on emissions in a specific sector. The results of these studies vary depending
on the examined sector, country and policy. Leroutier (2022) finds that the UK Carbon Pricing Scheme
lowers emissions per capita in the power sector between 2013-2017 by 20-26%. Andersson (2019) finds
that the Swedish Carbon Tax lowers emissions per capita in the transportation sector between 1990-2005
by 6.3%. Martin et al. (2014) finds that firms that pay the full tax under the Carbon Change Levy in
the UK produces around 7-8% lower emissions than firms that pay at a discounted rate. Finally, Pretis
(2022) finds that the British Columbia carbon tax only significantly lowers emissions in the transportation
sector but not aggregate emissions.
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The third to the sixth columns of Table 2 present a summary of the bootstrap dis-

tribution of λ̂t. None of the 95% bootstrap confidence intervals of λ̂t include zero except

that for 2005. Thus, we expect the EU ETS to significantly affect Australian emissions

around 1 year after its implementation.

4.4 Robustness to Alternative Weights

The counterfactual trend used in section 2.3 uses weights derived from the loadings on

the principal components, and it is useful to check whether our conclusion is robust to

other weighting schemes. We consider several alternative schemes. First, we consider

equal weighting where wi = 1/K for all i. Second, we consider restricted least squares

weights where we estimate

y0,t = β0 +
K∑
i=1

wiŷ0,i,t + ut, t = 1, . . . , T0 (9)

(where the ŷ0,i,t are demeaned pre-treatment counterfactuals) subject to wi ≥ 0 and∑K
i=1wi = 1. The third alternative set of weights is obtained from estimating (9) using a

shrinkage method instead of OLS. Another alternative uses the Bai et al. (2014) approach

where we estimate

y0,t = β0 +
K∑
i=1

wiŷ0,i,t + ut, t = 1, 2, . . . , T0

using unrestricted OLS. Here, the weights can be negative and need not sum to one.

Table 3 compares the principle component weights with the other weighting systems.

The second column of Table 3 presents the weight on each donor when we use principal

components, and these weights are close to equal weights of 1/6 which are presented in

column 3. The restricted weighting scheme places the most weight on the Greek series,

eliminates Cyprus as a donor, and places small weights on the other donors. Shrinkage

places a little more emphasis on Greece and Spain than the other donors, while the Bai
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et al. (2014) method places most of the emphasis on the Greek series.

Table 3: Weighting Schemes for Australian counterfactual series

Country PC EW RW SH BW UR HT
Cyprus 0.169 0.166 0.000 0.146 -0.128 0.170 -0.094
Greece 0.168 0.166 0.659 0.232 0.704 0.171 0.826
Ireland 0.167 0.166 0.076 0.120 0.092 0.165 0.089
Malta 0.166 0.166 0.104 0.170 0.147 0.163 0.107
Portugal 0.166 0.166 0.107 0.136 0.138 0.167 0.104
Spain 0.163 0.166 0.053 0.205 0.053 0.163 -0.032

The weighting schemes are PC: principal component-based weights,
EW: equal weights, RW: restricted weights, SH: shrinkage, BW: Bai
et al. (2014) method, UR: Principal component weights when donors
have a unit root with drift, HT: Harvey and Thiele (2021) method.

Figure 2 suggests that each donor series might follow a unit root with drift process and

be cointegrated with the Australian series (prior to 2005),8 so we use (OLS) estimated

“cointegrating” relationships to obtain six counterfactual series for Australian emissions

and then weight them according to their principle components. The “cointegrating” coef-

ficients are quite similar to those in Table 1, as are the corresponding principle component

based weights, which are presented in the second last column of Table 3 (labled UR). This

demonstrates that our unknown common trends discussed in Sections 3.1 and 3.2 are sim-

ilar to common stochastic trends in this particular application, but more importantly it

demonstrates that our instruments are able to account for this type of trend. Our final

weighting scheme is based on Harvey and Thiele (2021), who assume a balanced growth

path so that y0,t is cointegrated with
∑K

i=1wiyi,t and
∑K

i=1wi = 1, but the restriction

that all elements in w are non-negative is not imposed.

The estimates of using these alternative weights are presented in Table 4. The four

weighting schemes that are applied to the common trend model outlined in Section 3.1

(PC, RW, SH and BW) lead to very similar estimates of the EU-ETS impact in each

year, with the gap between the counterfactual and observed Australian emissions being

relatively small in the first year (as one might expect), and largest in absolute terms in

8This type of cointegration is supported by relevant tests.
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2009. The estimates of annual impact (averaged over the 14 years) are close to each other,

ranging between -4.466% and -4.823%. We conclude that our main estimate (4.466%) is

robust to modifications of donor weighting schemes.

The two models that impose cointegration (UR and HT) lead to slightly larger declines

in λt than the more general common trend models, as do the two specifications (BW and

HT) that allow negative weights for the donor counterfactuals.

Table 4: Estimates of the impact of EU-ETS on Australian per capita emissions using
alternative models and weighting schemes

Year PC RW SH BW UR HT
2005 -0.671 -2.303 -1.091 -2.073 -1.441 -3.049
2006 -1.703 -3.108 -2.112 -2.946 -2.454 -3.721
2007 -3.983 -4.727 -4.095 -4.681 -4.711 -5.338
2008 -4.545 -5.095 -5.784 -5.216 -5.217 -5.525
2009 -8.125 -7.554 -8.200 -7.849 -8.632 -7.716
2010 -6.640 -6.431 -6.756 -6.634 -7.118 -6.574
2011 -7.046 -6.201 -6.725 -6.378 -7.434 -6.431
2012 -6.043 -5.480 -5.803 -5.238 -6.442 -5.568
2013 -6.313 -5.344 -6.175 -4.999 -6.590 -5.152
2014 -2.577 -2.355 -2.520 -2.396 -2.843 -2.531
2015 -3.650 -3.593 -3.749 -4.082 -3.834 -4.078
2016 -5.215 -5.212 -5.587 -6.291 -5.342 -5.753
2017 -3.222 -3.729 -3.428 -4.676 -3.378 -4.619
2018 -2.793 -3.048 -2.904 -4.061 -2.914 -3.888

Average -4.466 -4.584 -4.566 -4.823 -4.882 -4.996

The table reports λt for counterfactuals based on the following
weighting schemes. PC: principal component-based weights, RW:
restricted weights, SH: shrinkage, BW:Bai et al. (2014) method,
UR: principal component-based weights with unit root trend, HT:
Harvey and Thiele (2021) method.

4.5 Will Australia meet its nationally determined commitment?

Australia ratified the Paris agreement in November 2016, and its first nationally deter-

mined commitment (NDC) undertook to reduce green house gas emissions to 26 - 28%

below 2005 levels by 2030. Here, we look at the prospects of reducing carbon emissions

to 26 - 28% below 2005 levels by 2030.

We first approximate Australian emissions in the absence of carbon policy using a
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local linear trend since 2005. Using our carbon per capita data from 2005 to 2018, we

find that the mean growth rate over this period was -1.14% per annum (with a standard

error of 0.45). Projecting this growth rate forward to 2030, we estimate that C02 per

capita would fall from 18.2 metric tons per capita in 2005 to 13.5 tons per capita in 2030

- which constitutes a decrease of 25.6%. Then, assuming that Australia had adopted an

EU-ETS type policy in 2005, a similar analysis applied to our weighted counterfactual

series, finds that the growth rate over this 2005 - 2018 was -1.21% per annum (with a

standard error of 0.39). Projecting this growth rate forward to 2030, we estimate that

C02 per capita would fall from 18.2 metric tons per capita in 2005 to 13.0 tons per capita

in 2030 - which constitutes a decrease of 28.1%.9 These estimates suggest that relative to

the no policy scenario, implementation of an EU-ETS scheme would lead to an additional

reduction of 2.5% in C02 per capita over 2005 to 2030.

This estimated policy induced reduction is small, especially since it is in terms of CO2

per capita, whereas the NDC is set in terms of total emissions. The Australian Bureau

of Statistic predicts the Australia’s population in 2030 will be 30.3 million whereas it

was 20.3 million in 2005, and given this expected population growth, translation of the

per capita C02 decline into total C02 decline suggests that total carbon emissions will

increase relative to those in 2005, even with an EU-ETS type policy in place.

5 Discussion

The predictions provided at the end of section 4 are imprecise and subject to several

caveats that we discuss below, firstly with respect to understanding Australian plans to

reduce GHG going forward, and then with regard to aspects of our donor set.

9The translation from log differenced data to levels has accounted for variance in each case.
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5.1 Carbon emissions vs GHG emissions

Carbon emission is the most prevalent (but not the only) anthropogenic green house gas

that is known to influence global warming, and it provides an imperfect but useful indi-

cator of total GHG emissions. We have used it in our analysis as such, noting that NDCs

are in terms of carbon dioxide equivalent emission (CO2e) measures, which also account

for methane, nitrous oxide and other gases.10 AGGES reports that carbon emissions con-

tributed about 69.8% of total GHG emissions in 2018, while methane and nitrous oxides

respectively contributed about 24.7% and 3.8%, and further data from this Emissions

System allows us to calculate percentage changes in GHG, CO2 and methane over 2005

to 2018, which are 13.7%, 17.1% and 6.7% respectively. This provides perspective for

translating our findings based on carbon emissions into carbon equivalent terms, as does

Figure 4, which compares Australian CO2e and CO2 series, and shows that the two series

follow parallel paths both before and after 2005.

Figure 4: Comparison of Australian CO2e and CO2 series (1990 to 2018)

Given this perspective, one might expect that a 1% reduction in carbon emissions,

would correspond to a drop of approximately 0.70% in CO2e, and perhaps a higher

percentage in Australia, given that Australia signaled a priority to reduce CO2 emissions

10Imputed time series in terms of CO2e are available for many countries (see the Australian Greenhouse
Gas Emissions System (AGGES) at https://ageis.climatechange.gov.au for Australian data), but they
cover shorter time spans and are less useful for modelling our pre-treatment dynamics.
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over reducing methane emissions at the recent COP26 meeting.11 Although the national

plan (Australian Department of Industry, Science, Energy and Resources, 2021) involves

reliance on extracting fossil fuel until the natural retirement of the mines, it emphasises

investment in wind and solar farms to fuel the proposed green hydrogen plants. The

roll-out of these latter plans has just begun. On the other hand, Australian research on

methane reduction has successfully developed cattle and other livestock feed supplements

that reduce methane emissions (see, e.g. Moate et al. (2016)).

5.2 EU-ETS or GFC?

Our counterfactual relies on the per-capita carbon emission characteristics of our chosen

donor countries, so it is useful to explore the likely drivers of these emissions, both before

and after the EU-ETS began. We focus on the use of fossil fuels in energy and electricity

production in these countries, because all of these countries are highly dependent on fossil

fuels. Figure 5 shows the shares of energy sourced by fossil fuels, and demonstrates that

the three donor countries which had particularly high reliance on fossil fuels and closer

resemblance to the Australian series (Cyprus, Greece and Ireland), are the three countries

with the highest weights in our counterfactual. The shares for these three countries (and

for Australia as well) are well above 90% for the pre-treatment period, and although shares

for Portugal and Spain are lower (and more variable), they are nevertheless substantial.

It is noteworthy that the fossil fuel shares for the most of the EU counterfactual countries

decline very rapidly after the introduction of EU-ETS, whereas the declines in the shares

for Australia (and Cyprus) are somewhat slower.

The proportions of electricity sourced from fossil fuels are shown in Figure 6, and

although these shares are lower than those in Figure 5, they exhibit very similar features.

Here, the Australian series hardly budges, and this suggests that electricity produced by

fossil fuel may provide an explanation for Australia’s slow start to reduce CO2 emissions

11Australia declined to sign up to a multinational pledge to reduce methane emissions by 30% between
2020 and 2030.

23



(and failure to follow the counterfactual series). The Australian government has now

started to address this slow start, and points to the electricity sector as the sector in which

it expects most of Australian emissions reductions to occur (Australian Department of

Industry, Science, Energy, and Resources, 2020). 12

Figure 5: Proportion of energy sourced from fossil fuels

Note: Data is from the World Bank (and was not provided for Malta.)

Figure 6: Proportion of electricity sourced from fossil fuels

Note: Data is from the World Bank (and was not provided for Cyprus and Malta.)

Our treatment period coincides with the Global Financial Crisis (GFC) and the Eu-

12See also https://www.industry.gov.au/data-and-publications/australias-emissions-projections-2020.
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ropean Debt Crisis. One concern with our main results is that they may capture the

effect of the weakened economic activity during this period rather than the EU-ETS. It

is noteworthy that four of our donors, namely Greece, Ireland, Portugal and Spain, were

particularly affected by the debt crisis. Bel and Joseph (2015) estimate that between

2005-2012, EU-ETS only contributed around 11-13% of the reduction in GHG emissions

in the EU area. The remaining 87-89% was attributable to the economic downturn over

the same period. In comparison, Bayer and Aklin (2020) argue that the EU-ETS lowered

emissions by 8-11% on top of reduction in emissions in sectors not covered under the

EU-ETS as well as on top of any reductions due to the lower economic output. However,

our plots of energy shares suggest that the economic downturn is Europe did not hinder

the effectiveness of the EU-ETS very much. Note that the shares of electricity and other

energy production due to fossil fuel declined, indicating that firms were substituting away

from fossil fuel energy over that period, even though these fuels were relatively cheap,

as were the permits to use them. It is unlikely that firms would have switched to more

costly energy sources during a recession in the absence of EU-ETS.

We investigated this issue further by estimating a counterfactual that accounted for

the effects of growth in real GDP per capita. Specifically, we estimated the pre-treatment

marginal effect of each donor’s growth in real GDP per capita on its per capita carbon

emissions, and then controlled for these marginal effects when constructing the post-

treatment counterfactual. This led to an average treatment effect of -4.266%, which is

slightly smaller than the baseline average treatment effect of -4.466% that we reported

in Table 4. This suggests that our results were not driven by the GFC.

6 Conclusion

In this paper, we develop a synthetic treatment approach to estimate the hypothetical

impact of a treatment or policy on a unit that didn’t implement the policy. Our approach

is similar to standard synthetic control, but in our case the treatment effect is estimated
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via a counterfactual that has been constructed by combining data from donor units that

have implemented the policy. We use our synthetic treatment approach to estimate the

hypothetical impact on Australia’s annual per-capita carbon emissions had Australia

adopted a policy similar to the EU-ETS in 2005, and we find that Australian per capita

carbon emissions would have been lower by about 4.5% as a result.

This hypothetical reduction is insufficient to ensure that Australia will meet its NDC

in 2030. This is in line with the results of many studies that have estimated the effect of

EU-ETS policy in EU countries. Several EU countries have recognised the need for more

effective carbon policies to achieve environmentally significant reductions in their green-

house gas emissions. Koch et al. (2022) document that policy mixes that complement

increases in carbon taxes with other policies can be effective. The significance of our work

is to quantify the effect of EU-ETS for a country that did not adopt such a policy and

had larger CO2 per capita emissions than all countries that participated in EU-ETS. If

and when Australia considers a carbon policy, our results can form a basis for evaluating

the benefits versus costs of including an EU type ETS in the policy mix.

Appendix

A List of potential donor countries

Table 5: Potential EU-Donors for the Australian counterfactual

Country
Austria Belgium Bulgaria Cyprus Denmark
Finland Greece Hungary Iceland Ireland
Luxembourg Malta Netherlands Norway Poland
Portugal Romania Spain Sweden United Kingdom

Notes: France, Germany and Italy were excluded, since some observations
were missing in each case.
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B Inference

How significant is the impact of EU-ETS in each period between 2005-2018? While the

counterfactuals in the previous section are informative about the effect of EU-ETS in

each period, the lack of standard errors prevents us from making inference regarding the

statistical significance of the impact. We address this issue by using a bootstrap approach

to estimate the distribution of each of the T − T0 treatment effect estimates (λ̂t) when

the EU-ETS is in place.

We first estimate the reduced-form of (6) using the pre-treatment observations and

OLS to obtain α̂OLS
0,i , α̂OLS

1,i and a set of fitted residuals v̂i,t for i = 1, 2, . . . , K and

t = 1, 2, . . . , T0. The use of OLS in this first step delivers the best linear predictor for

y0,t in terms of yi,t, and it also ensures that the residuals v̂i,t are uncorrelated with yi,t.

These estimates are used to simulate m = 1, 2, . . . , 5000 observations drawn from the

distribution of the treatment effect λ̂t as explained in detail below.

For each donor i, we use a moving block bootstrap method with overlapping blocks

to sample from the fitted residuals v̂i,t to obtain bootstrapped residuals v∗,mi,t (for the mth

bootstrap iteration). This sampling method is described in Li and Maddala (1996), and

it involves splitting the fitted residuals into T0 − bi + 1 blocks of length bi containing

bi consecutive observations of v̂i,t, sampling dT0/bie of these blocks (with replacement),

and truncating the last sampled block so that the number of sampled v∗,mi,t is equal to

T0. Li and Maddala (1996) suggest setting the block length (for each donor) according

to bi = (3/2)1/3T
1/3
0 ((1− ρ2i )/ρi)

−2/3
where ρi is an estimate of the AR(1) coefficient of

v̂i,t. This rule sets bi = 5, 6, or 8 depending on the donor country.

We use the bootstrapped residuals to construct bootstrapped samples of y0,t via

y∗,i,m0,t = α̂OLS
0,i + α̂OLS

1,i yi,t + v∗,mi,t for t = 1, 2, . . . , T0, (10)

and once we have y∗,i,m0,t , we reestimate (6) using y∗,i,m0,t as the dependent variable and

2SLS (with the same instrument set φt that we defined in subsection 1.2). This yields
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bootstrap estimates of α̂2SLS,m
0,i and α̂2SLS,m

1,i that we can use to construct a bootstrap

counterfactual given by

CF i,m
t = α̂2SLS,m

0,i + α̂2SLS,m
1,i yi,t for t = T0 + 1, . . . , T. (11)

Repeating this process for each donor yields K bootstrapped counterfactual estimates

which are then used obtain bootstrap weights w∗,mi using principal components as in

(7). These weights are used to construct bootstrap estimates of the weighted Australian

counterfactual trend and the effect of EU ETS according to (8). Repetition of this whole

process for m = 1, 2, . . . , 5000 yields a distribution of the treatment effect λ̂t which we

use to form our inference.
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