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1 Introduction

Recent years have seen a shift in the focus of climate change mitigation proposals away from

single global policies and towards policies that allow for heterogeneous abatement targets across

individual or groups of countries (Asheim, Froyn, Hovi & Menz 2006, Pizer 2006), or to allow for

heterogeneity in the marginal costs or benefits from abatement (Barrett 1997, Botteon & Carraro

2001, McGinty 2007, Kolstad 2010). This literature generally uses game-theoretic models to study

participation, commitment, and self-enforcement of international environmental agreements. This

changing focus has developed for two reasons. First, to determine if theoretical pessimism underlying

the effectiveness of self-enforcing international environmental agreements is driven by assumptions

of cross-country homogeneity in marginal benefits and costs of abatement that are clearly violated

in reality (Barrett 1997). Second, disaggregated proposals have been developed in response to a

growing consensus that a singular global policy is destined to fail - often citing failures of the Kyoto

Protocol as a primary example - the classic irreconcilable disagreement being conflicted interests

between developed and developing countries (Asheim et al. 2006, Pizer 2006). Recent studies have

shown that heterogeneity in marginal damages can lead to participation from a larger number of

countries (e.g., McGinty 2007), and heterogeneity in abatement targets can Pareto dominate a

single agreement (Asheim et al. 2006).1 Alternatively, Barrett (2013) details how a threshold in

climate change which produces catastrophic losses can work as a self-enforcing mechanism for an

international environmental agreement with heterogeneous countries.

To maintain analytic tractability, such theoretical models typically incorporate heterogeneity in

the form of heterogenous marginal benefits (or costs) from abatement. While generally unavoidable,

there are two apparent shortcomings of this restriction. First, marginal benefits from abatement are

not observable within or across countries, posing substantial challenges for any empirical analysis

strictly derived from theory. Second, there are myriad other differences across countries that are

not captured by differences in marginal benefits of abatement - e.g., resource endowments, income

levels, energy use, etc. - that are likely to influence the decision to participate in any international

agreement. Therefore, while theory may point towards potential improvements to single global poli-

cies (e.g., Asheim et al. 2006), it is difficult to guess which countries may choose to join a particular

sub-global agreement. One is left to wonder: what might these sub-global groups (coalitions) look

like?

Our goal is to contribute to the growing literature in support of heterogeneous abatement targets

by providing a comprehensive econometric analysis of distributional differences in carbon emissions

across countries and over time, to identify groups of countries that are statistically similar on

measurable dimensions. We build on the discussions of Asheim et al. (2006) and Pizer (2006) by

providing empirical insight into the characterization of the groups of countries that might underlie

a heterogeneous mitigation agreement. In particular, we focus on cross-sectional, repeated cross-

1In this article, we adopt the definition of a heterogeneous proposal (regime) following Asheim et al. (2006): “. . . a
regime consisting of two separate agreements, one for each region.” Note, however, that we allow for an arbitrary
number of groups, and we refrain from adopting the terminology ‘region’ to denote heterogeneous groups, as this
seems to imply geographical heterogeneity, a restriction on heterogeneity that we do not impose.
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sectional, and bivariate (with total emissions and GDP) emissions distributions of per capita carbon

dioxide across countries, as well as explore the effects of concomitant variables on the composition

of these distributions. If we allow for an arbitrary number of groups, and further allow each group

to have different distributional moments (i.e., means and variances), how many groups appear in

the overall distribution of carbon emissions and, importantly, would a disaggregated policy for the

determined number of groups be sustainable? In particular, which countries belong to each group,

and what characterizes one group from another? If we further focus on repeated cross-sectional

measurements, might the composition or distributional moments of these groups evolve over time?

Do temporal changes in means and variances, such as divergence in group means yet simultaneous

reduction in within group variance, indicate group stability? These questions are ever more prescient

in a world characterized by increased international interaction. McAusland & Millimet (2012), for

example, develop a theoretical model that shows that international trade intensity bears important

implications for the decision to adopt stricter environmental regulations within a country.

Empirical answers to these questions provide important insights into the potential for heteroge-

neous proposals and their viability as alternatives to a single global proposal. For instance, evidence

of relatively few groupings might suggest that the coordination of the heterogeneous model might

be feasible, whereas identification of numerous groups suggests that coordination of a heterogeneous

policy may not be productive.2 A large number of groups might make it difficult to coordinate het-

erogeneous targets as part of a heterogeneous global mitigation agreement, and countries may find

participation and commitment less attractive if there were too many separate goals, as this is more

likely to be perceived as unfair. Fewer groups, on the other hand, may give countries the reassurance

that their share of abatement is more individually tailored to their domestic situation compared to

a single global agreement, while providing assurance that their burden is not substantially larger

than that of their peers. There is a greater potential for trust within smaller groups through which

such proposals are more likely to garner participation and commitment (Asheim et al. 2006).

For our empirical analysis, we propose a variety of finite mixture models to identify and char-

acterize the potential groupings of countries based on their per capita carbon emissions. We stress

that, to our knowledge, few if any studies have rigorously modeled the entire distributional evolu-

tion of carbon emissions as we do here, paying careful attention to interactive effects with other

important variables.3 Finite mixture models define the density of a random variable (here, per

capita emissions) to be the weighted sum of multiple component densities of smaller groupings of

the variable. For example, the worldwide density of per capita carbon emissions can be constructed

by the weighted summation of the densities of per capita carbon emissions for a set of groupings

of countries. Hence, countries within each component density can be considered to be a part of

2Further, the dynamic stability of international commitment in the theoretical model proposed by Asheim et al.
(2006) requires a minimum number of committed countries in order to provide enough of a threat of retaliation for
countries that choose to free-ride.

3Duro & Padilla (2008, 2013) and Duro (2010) provide analyses of polarization in per capita carbon emissions,
however their focus is solely on polarization. Van (2005) provides evidence of heterogeneity in the distribution of
carbon dioxide across countries. Our focus is substantially more broad, focusing on characterization of the entire
distribution of per capita carbon emissions across countries, over time, and in conjunction with other important
interactive variables.
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a particular group, and distinct from countries that belong to a different group. The weights on

the component densities have the interpretation of being the probability of each realization of the

random variable belonging to each particular component density. Finite mixture models have been

widely applied to study income groupings by Paap & van Dijk (1998), Tsionas (2000), Pittau (2005),

Pittau & Zelli (2006), Pittau, Zelli & Johnson (2010) and Battisti & Parmeter (2012), but have yet

to be deployed in an emissions context.

An important advantage of mixture models is that the number of component densities (i.e.,

country groupings), the mean and variance of each component density, and the component weights

(i.e., the probability of being in each group) are all parameters to be estimated in the model. Hence,

finite mixture models are a natural and robust way of modeling the global distribution of carbon

emissions, given that we suspect a priori the existence of heterogeneous groups of countries, as the

number of groups and members within each group are determined entirely by the data. This allows

us to avoid any biases in our results that may arise if we impose any particular characteristics or

requirements on any of the component densities (groups). Further, one need not assume immobility

across groups to maintain confidence in the number of statistically identified groups. Analysis of

the probability that each observation lies within each component (group) provides identification

of the degree of mobility, across groups. While univariate mixture models allow us to focus only

on one particular random variable and its component densities at a time (e.g., per capita carbon

emissions), a bivariate mixture model allows us to determine country groups via component densities

for the bivariate distribution of two random variables (e.g., per capita carbon emissions and per

capita output). Indeed, there is a rich literature identifying heterogeneous interactions between

emissions and income. For example, studying the growth of pollution in a panel of EU countries,

Ordás Criado, Valente & Stengos (2011) uncover strong evidence that a common ‘defensive effect’

(the growth rate of emissions is negatively related to the level of per capita emissions) is rejected

by the data, suggesting that different EU countries have different reactions of growth rate emissions

to changes in per capita emissions. Additionally, Millimet, List & Stengos (2003) display further

evidence that the relationship between emissions and income is heavily nonlinear, suggesting the

absence of a common effect.

Apart from estimating the univariate and bivariate mixture models to determine component

densities (i.e., country groups), it is important for environmental policy to analyze polarization,

mobility, and volatility of countries across component densities over time. Specifically, polarization

refers to increasing distance between the central tendencies of different groups, mobility refers to

the frequency that a particular country switches between groups in different years, and volatility

refers to the variance within each group over time. Evidence of strong polarization would suggest

substantial differences in countries across groups in terms of average group emissions. Hence,

evidence of polarization would provide quantitative evidence that a heterogeneous proposal may be

more appropriate than a single global arrangement: the larger the differences between groups, the

less likely a single global policy will be effective, and the more appropriate would be a heterogeneous

policy. Lack of mobility would suggest that countries with similar levels of emissions tend to
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remain together, which may facilitate a more trusting relationship within the group and foster

commitment. Evidence of high volatility within a particular group would suggest instability of that

particular group, whereas low volatility would indicate group stability. Evidence of low mobility

and volatility, indicating stability, would suggest that a heterogeneous policy based on the different

groups may garner support. Additionally, we exploit concomitant variables to assist in identifying

groups. Concomitant variables allow one to model the probability of component membership as a

function (as opposed to a fixed parameter). Thus, if one followed McAusland & Millimet (2012), then

international trade could be used to assess the number of components in the emissions distribution

and as an important factor that influences the probability of membership in a particular group.

Using cross-sectional, panel data, bivariate and concomitant variable finite mixture methods

we find that after 1980, there are two distinct emissions groups. These groups take on features

very similar to the groups determined in an income setting. We have a group of high emissions

countries and a group of low emissions countries. However, unlike the income setting where there

is little mobility, here we see moderate levels of mobility across the two emissions groups. Further,

the relative positioning of the groups (based on the average) has been increasing over time, with

a higher degree of volatility of emissions in the low emissions group relative to the high emissions

group. These results lend support for heterogeneous bottom-up climate policies: a large group of

low emissions countries with a high variance of group emissions is evidence that a single global

agreement is not likely to succeed. A fixed long term emissions target is unlikely to be successful in

light of our news here. Rather, a more appropriate strategy is to develop a short to medium term

proposal that can continually be reassessed to take light of the fact that countries face differing

emissions profiles over relatively short periods of time. However, our results suggest that a coalition

of high emissions countries is likely to be relatively stable, as volatility is decreasing in this group

over time.

2 Empirical Strategy

2.1 Finite mixture models

The finite mixture model constructs the density of a random variable as the weighted average of

multiple component densities. Hence, the standard finite mixture model is constructed as follows.

Denote the number of distributional components in the model by G. Then, define the probability

density of a random variable x to be

f(x;G,ΦG,ΓG) =
G∑
g=1

γgfg(x;φg) (1)

in which ΦG = (φ1, φ2, . . . , φG) are the distributional parameters for each of the G distributional

components, fg(x;φg) is a probability density function that depends on the parameters φg for each

g = 1, 2, . . . , G components, ΓG = (γ1, γ2, . . . , γG) are the weights for each component distribution
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which satisfy the conditions γg > 0 ∀g and
∑

g γg = 1. The weight parameter γg describes the

unconditional probability that any realization of x lies within the gth ‘basin of attraction’ (Pittau

et al. 2010).

Given a specific functional form for the component densities, fg(x;φg), and the number of

components, G, we can estimate the parameters φg and γg using maximum likelihood. We assume

that the component densities are normally distributed, fg(x;φg) = N(x;µg, σ
2
g) in which µg and

σ2
g are the mean and variance parameters that are allowed to vary across the G components. This

assumption is innocuous as Marron & Wand (1992) show that an infinite mixture of normal densities

can approximate any continuous probability density, which implies that the results we obtain from

our model will not be sensitive to our choice of probability density for the component densities. The

mean and variance parameters of the normal distribution are not without intuitive interpretation:

µg is the mean of emissions for component g while σ2
g is the variance of emissions within each

component. In other words, we can use our estimates of µg and σ2
g to describe the distance in

means across groups (polarization) and the variance within each group (volatility).

2.2 Multivariate cross-sectional mixture modeling

We also focus directly on bivariate mixtures between per capita emissions and either per capita GDP

or total emissions. Determining if components in the joint density arise amongst these variables is

important since policy debates have focused on rich countries also polluting more and the fact that

many countries focus on the absolute versus per capita disparity when discussing global abatement

policy. Ordás Criado et al. (2011), for example, provide a model of the interaction between emissions

and GDP.

To describe implementation of a multivariate mixture analysis, consider multivariate data X,

which in our example could represent per capita carbon emissions and per capita GDP. Following

Symons (1981), the density of each of the n p-variate observations, xi, is:

f(xi;G,ΦG,ΓG) =
G∑
g=1

γgNp(xi;µg,Σg), (2)

where Np(·) is the p-variate normal density given as

Np(xi;µg,Σg) =
1

(2π)p/2|Σg|1/2
e−(1/2)(xi−µg)′Σ−1

g (xi−µg). (3)

Again, ΓG is a G vector of the component weights, but ΦG = (φ1, φ2, . . . , φG) in which each φg

is composed of a p-vector of means, µg and a p × p covariance matrix, Σg, for the gth component

of the mixture. Each component is ellipsoidal, centered about its mean. As with the univariate

mixture model, the parameters of the mixture density can be found by minimizing the log-likelihood

function.

The covariances Σg determine additional geometric features of each of the groups, which do

not exist in a univariate framework. Each covariance matrix is parameterized by an eigenvalue
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decomposition of the form

Σg = λgDgAgD
T
g , (4)

where Dg is the orthogonal matrix of eigenvectors, Ag is a diagonal matrix whose elements are

proportional to the eigenvalues of Σg, and λg is a scalar (Fraley & Raftery 2002, Fraley & Raftery

2007). Dg gives the orientation of the gth group, while λg measures the volume occupied by the gth

group and Ag marks the shape of the gth group.

Understanding the volume (wide/narrow), shape (ellipsoidal/spheric), and orientation (increas-

ing/decreasing) of the groups of countries offers an array of possibilities to explore differences across

the components. For instance, if we have two groups with different levels and different orientation

among the variables across them, it indicates that not only the means of the variables may differ

among them, but also the covariance matrices. Imagine the (x, y) plane with covariances between

variables for two groups (for instance low x, low y and high x, high y). If the orientation is always

positive with the same slope across groups this implies that the only difference amongst the groups

is their position. That is, the groups differ due to differences in the mean levels of the variables

and not from differences arising from the covariance matrix. A bivariate mixture density with per

capita carbon emissions and per capita GDP may have a positive orientation for one group that

is smaller than the orientation in the other group (see Banfield & Raftery 1993) implying different

returns of one variable with respect to the other one. See Battisti & Parmeter (2013) for more on

multivariate, cross-sectional mixture modeling.

2.3 Mixture modeling over repeated cross-sections

While the finite mixture modeling approach just described can decompose any univariate density

into its components, when applied to repeated cross-sections (as is our data here) no context is given

to country specific observations. In empirical work it is common to examine the mixture density

at distinct points in time (as cross-sections) and then to look at mobility from period to period.

In this case valuable information can be lost by treating emissions in the United States, say, in

1960, as distinct from emissions in the United States in 2000. Here we describe recently developed

longitudinal mixture methods that can account for this issue.

The basic framework for the longitudinal analysis is the Gaussian multivariate mixture model

described in (2). As in the multivariate mixture model, the mixing and component parameters are

similarly defined. However, instead of a p-variate variable (xp) composed of different variables, we

model over the T -vector of the observations for a given individual (country), xT . The covariance

structure may be decomposed to test alternative shape, volume, and orientation restrictions across

the components as described earlier, except that the structure takes on a slightly different form

given the panel nature of the data. Note that the setup ignoring the panel nature of the data would

estimate a univariate Gaussian mixture model at T distinct points in time. The multivariate version

emerges since an observation at each point in time acts like a single variable in the multivariate

framework.

McNicholas & Murphy (2010) allow for an extended Cholesky decomposition of the covariance
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matrix Σ in order to take into account the relationship between measurements at different points in

time. This decomposition separates Σ into generalized autoregressive parameters T and innovation

variances D (Pourahmadi 1999), so that it is possible to distinguish between the different sources

of covariance:

Σ = T ′D−1T. (5)

This setup for Σ has a very natural interpretation from least squares prediction theory. The least

squares predictor of xt given xt−1,. . . ,x1 is

x̂t = µt +
t−1∑
s=1

(−ϑts)(xs − µs) +
√
dtεt, (6)

where εt ∼ N(0, 1). The ϑts are the sub-diagonal elements of T , while the dt’s are the diagonal

elements of D and µs is the sth period mean. Taken together this format for constructing Σ allows

for previous observations to influence current observations, something that is missing from static

mixture analysis methods.

There are eight possible covariance structures for Σ, arising over choices concerning the param-

eters in (6). The across component variance coefficients in each time period can be equal (dgt = dmt

for g 6= m), the across component autoregressive parameters can be equal (ϑgts = ϑmtk for g 6= m),

and the across component variance coefficients can be restricted to be equal across time, known as

an isotropic constraint (Dg = δgI). The most general form for Σ is when no constraints are im-

posed, typically denoted as VVA, for variable (V) across component variances, variable (V) across

component autoregressive parameters, and anti-isotropic (A) constraints for the across variance

components (time varying). For equality restrictions on one or more of the variance components

the corresponding letter changes to either E (equal) or I (isotropic). For example, restricting the

across component variance coefficients to be equal, but allowing for the across component autore-

gressive parameters to be variable and the across component variances to vary over time, is denoted

EVA.

2.4 Concomitant variables models

An alternative to the fixed component weighting in our baseline finite mixture model is the in-

troduction of secondary variables, known as concomitant variables, which allow the component

probabilities to change as these variables change (Dayton & Macready 1988). The importance of

concomitant variables in our setting can be seen by thinking of investigating hypotheses concerned

with the relationship between the concomitant variables and the probabilities of the latent class

model. For our example, we can ask: is the proportion of countries in the high emissions group

decreasing as a function of total forest rents accrued by a country? Hence, the concomitant vari-

ables analysis allows us to uncover important interactions between emissions per capita and these

additional variables. Another example, following the work of McAusland & Millimet (2012), would

be to introduce total trade volume as a variable which determines a countries membership into a
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specific emissions club.

To arrive at the concomitant variable approach for our finite mixture model we modify (1) as:

f({x, z};G,ΦG) =
G∑
g=1

γg(z, ϕg)fg(x;φg), (7)

where z is the set of concomitant variables which determine component membership, ϕ is the pa-

rameter vector of the weighting function and ΦG = ({φ1, ϕ1}, {φ2, ϕ2}, . . . , {φG, ϕG}). To construct

a proper probability density function we require
G∑
g=1

γg(z, ϕg) = 1, ∀z. It is common to specify the

weighting function as logit (with G = 2) or multinomial logit (G > 2):

γg(z, ϕg) =
ezϕg

1 +
G−1∑
s=1

ezϕs

, g 6= G; γG(z, ϕG) =
1

1 +
G−1∑
s=1

ezϕs

, g = G. (8)

Interpreting the coefficient estimates from the concomitant variable setup is key to understanding

the implications of the model. Given the logistic setup, the coefficient estimates must be taken with

respect to a ‘base’ group. In the setup of (8), the coefficient estimates for the gth group, ϕ̂g, would

be interpreted relative to group G. In our empirical results, all estimates are presented with respect

to the group with the smallest component mean. Thus, we could interpret a negative estimate on

ϕ̂g as implying that an increase in z suggests it is less likely that an observation falls in group g

relative to the smallest mean group.

2.5 Key issues when estimating finite mixture models

Two key issues arise when estimating any of these finite mixture models: choosing the appropriate

estimation method and the number of components of the mixture. The most common method

to estimate mixture models is the Expectations-Maximization (EM) algorithm (Dempster, Laird

& Rubin 1977), which is what we deploy here. The EM algorithm works in two stages. First,

the algorithm acts as if the probability of membership for each observation for each component

were known (called the E-step). These known probabilities then allow estimation of the unknown

parameters of the component densities (called the M-step). Once these parameters are estimated,

the probabilities are updated using the conditional probability of membership (taking the estimated

parameters as known). The routine is iterated until a convergence criterion is satisfied. It is also

common to use a variety of starting values for the membership probabilities to ensure that the

algorithm does not direct itself towards a local minima.

Regarding the choice of the number of components, an array of methods have been proposed.

A majority of the methods have one common feature, they determine the number of components

sequentially, essentially comparing some metric for G̃ groups against the same metric for G̃+1 groups

and stopping when they can no longer rule out G̃ as the optimal number of groups. An alternative

approach is to use a simple fitting criterion and to select the optimal number of components based
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on the setup with the best value of the criterion. Given the array of finite mixture methods

we deploy, and the fact that the both the bivariate and the panel mixture methods can have

eight different variance-covariance setups, we elect to use a simple fitting criterion, the Schwarz

Information Criterion (commonly known as BIC), as this will provide a sound basis across all

methods, is computationally tractable in higher dimensions, and generally performs well in simulated

settings regarding estimating the number of components across the methods discussed here.

2.6 Mobility between components

Having estimated the finite mixture model we can use our estimates of φg to understand and describe

our component densities (country groups), and our estimates of γg to describe the degree of mobility

and polarization across groups. As stated previously, γg is the unconditional probability that any

particular realization of the random variable x belongs in the gth component density. Thus, in

an emissions panel data context, γg represents the unconditional probability that any particular

country belongs in a particular group in a given year. Pittau et al. (2010) show that the conditional

probability that observation j belongs in component density g is

Ωjg =
γgfg(xj ;φg)
G∑
g=1

γgfg(xj ;φg)

. (9)

So, we use Ωjg to classify each observation into its corresponding conditional component, and

can track the position of each country over time to determine the degree of mobility and hence

polarization in carbon emissions. We classify each observation to a component density based on the

highest conditional probability of being in a component density for each observation.

3 Data

Our primary data come from Marland, Boden & Andres (2003) and represent fossil fuel-based

CO2 emissions. Our preferred measure of emissions is per capita carbon emissions, however we also

consider total emissions in our bivariate mixture models to account for any differences or interactions

between relative and absolute emissions. We constructed a balanced panel of 145 countries covering

the period 1960-2005 and we deploy the mixture methods on the data at five year intervals.4 We

elect to construct a balanced panel for several reasons. First, the longitudinal mixture methods

have currently been developed for a balanced sample. Hence, to maintain consistency between our

cross-sectional and longitudinal mixture analyses, we restrict our focus to the balanced panel setup.

Second, a balanced panel allows us to make meaningful statements regarding mobility across groups

with both methods. Moreover, a majority of the studies focused on carbon emissions convergence

have also used a balanced panel. For these reasons we feel justified in our choice to only consider a

balanced sample.

4Unlike Aldy (2006), we do not omit countries with less than 1 million tons of CO2 emissions.
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We augment our primary dataset with a set of concomitant variables for our analysis of fac-

tors that may influence the probability of membership in a particular emissions group. Each of

these variables come from the 2012 World Development Indicators published by the World Bank.

We consider trade (McAusland & Millimet 2012), measured as a percentage of GDP, and GDP

(Ordás Criado et al. 2011), measured in constant 2000 dollars. We further consider the population

density, measured as the number of people per square kilometer of land area; total forest rents, mea-

sured as a percentage of GDP; total energy use (Soytas, Sari & Ewing 2007), measured in kilotonnes

of oil equivalent (i.e., the quantity of oil prior to refinement into alternative energy sources); and

total energy production, measured in kilotonnes of equivalent oil. These variables provide measures

of cross-country energy use, oil and fossil fuel energy dependence, natural resource endowments,

and energy intensity (energy use and population density). Each of these important measures poten-

tially induce heterogeneity in the worldwide distribution of carbon emissions, and may influence the

probability of membership in the carbon distribution components identified by our mixture models.

4 Results

To demonstrate the impact of our results we focus first on the univariate cross-sectional and panel

data mixture methods. We then present bivariate results using either per capita GDP or total emis-

sions as our second variable, followed by an analysis of individual and multiple concomitant variables

and their effects on group membership. For all of our mixture analyses (univariate, bivariate, panel,

concomitant) we first determine the appropriate number of components of the distribution. We

then look at the relative positions of the components over time, as well as movement and variability

that may occur amongst the components.

4.1 Univariate findings

4.1.1 Cross-sectional insights

The optimal number of groups. Start with the determination of the optimal number of groups

using the BIC. We report these results in Table 1, which shows the BIC value for the number of

groups tested in each year, with the lowest BIC value highlighted in bold. We see that prior to 1985

there was no mixing in emissions. That is, we find evidence of a single component in the distribution

of emissions. From 1985 onwards however, our results suggest the presence of two emissions groups.

These results imply that the worldwide distribution of per capita carbon emissions has been evolving

over time, perhaps suggesting the emergence of two steady state levels of per capita emissions in

more recent years in our sample. At the very least, these results are indicative of a temporal

divergence in per capita carbon emissions across the two groups.

[Table 1 about here.]
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Features of the groups. We turn to Table 2 to look at the relative polarization across groups

to obtain a more detailed analysis of the divergence in emissions after 1980. For each emissions

group identified beginning in 1985, Table 2 reports for each year the number of countries, the mean

level of per capita carbon emissions, the relative distance of the group mean to the total sample

mean (in percent), and the change in group variation. The number of countries in each group in

each year provides insight into the relative composition and mobility of each group over time: high

temporal variability in the number of countries in the group indicates a high degree of mobility.

The relative position of each group to the total sample mean provides a metric of polarization:

temporal increases in the distance from each group mean to the total sample mean, coupled with

low (or nonexistent) mobility, suggests increasing polarization, or greater divergence in emissions

across the two groups. Changes in the variance of each group suggest a measure of volatility: a

reduction in variation suggests possible group convergence or stabilization, or, at least, a tightening

of the group.

[Table 2 about here.]

We see that from 1985 to 1995, the high emissions group loses members, decreasing by 20

percent from 70 to 55. The low emissions group by default increases membership over the same

period. However, we notice a shift back into the high emissions group from 1995-2005, increasing

membership by 38 percent from 55 to 76. Membership in the low emissions group changes accord-

ingly. These results suggest a relatively high degree of mobility across the emissions groups over

the 1985-2005 period. In contrast, mixture models of income distributions typically find a relatively

low degree of mobility. While there is a net change of 6 countries (76-70) we have that 54 (out of

70) countries always remained in the high emissions group while 65 (out of 75) countries always

remained in the low emissions group. What we see is that while we find evidence that there are two

groups of distinct emitters, there is a set of countries which moves between the two groups. Of the

26 countries which changed groups, 12 changed once over the 20 year period. Notable amongst this

group is China, which was in the low emissions group until 2005, and Chile and Thailand, which

were in the low emissions group until 2000. Only 14 countries changed groups more than once over

the 1985–2005 period. Thus, while on the surface it may appear that this a high degree of mobility,

our results suggest that repeated movements between the groups happen infrequently.

We see that from 1960-2005 the overall sample mean increases by 73 percent from -1.674 to -0.445

(recall that emissions are log normalized per capita emissions). Both group means are increasing

over time as well, with the largest increases post 1980 coming from the low distribution of emissions.

Per capita carbon emissions are increasing substantially in the low emissions group, which primarily

drives the increase in overall sample mean.

At the same time, we see that from 1985 to 2005 the central tendency of the high emissions

distribution moves further from the overall sample mean, increasing from nearly twice the sample

mean to two and a half times the sample mean. Similarly, the central tendency of the low emissions

distribution moves farther in the opposite direction from the overall sample mean. Hence, while we
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find that both the high and low distributions of emissions have slowly shifted towards higher per

capita emissions, we find increasing polarization of the emissions groups over the 1985-2005 period

in which there are two statistically significant groups. This is a clear result that the location of the

means, which might be thought of as the average steady state emissions of member countries, are

simultaneously increasing yet diverging from one another over the sample period.

In terms of the within group variances, we see (in years where two groups are uncovered) different

behavior for the components. For the high emissions component the variance is falling whereas for

the low emissions component the variance bounces around and has actually increased over the 1985-

2005 period. The within variance does rise in 2000 for the high emissions component, but this is

most likely due to an increase in membership of 16 countries; compare this with the fall in the within

variance of the low emissions group in 2000. These results suggest high volatility of emissions per

capita for member countries in the low emissions group, yet decreasing volatility of emissions per

capita for member countries in the high emissions group. Hence, these results indicate potential

stability in emissions for the high emissions group. Moreover, these variance results suggest that at

least from the perspective of per capita emissions there is evidence pointing towards a larger degree

of ‘homogeneity’ amongst member countries than in the low emissions component.

4.1.2 Panel mixture insights

Turning our attention to the longitudinal mixing results, we see a similar outcome: two groups. No-

tice here that because of the longitudinal aspect of the data the mixture analysis is not done period

by period but over the entire time frame. This naturally has its advantages and disadvantages. The

primary disadvantage is that there is no mobility allowed in the longitudinal context.5 The main

advantage is that countries in different time periods are recognized as being identical.

While we have tested for the presence of two, three, and four groups, considering each of the eight

different covariance structures, we find that the preferred specification is two components (as with

the cross-sectional mixing methods), with the variance-covariance matrix specified such that the

across component variances are equal in each time period, but the across component autoregressive

and within component variances are variable (EVA). These results imply that the two groups are

modeled to have the same variance of emissions for each time period, but that the variances of the

components differ given that there is correlation across time that differs across the components, and

that the autoregressive shocks are different across groups. Taken in sum this specification of the

variance-covariance matrix across the two components suggests that while the general grouping of

countries within each group around their respective group means may be statistically similar, there

are significant temporal differences in the factors that shift the distributions.

[Table 3 about here.]

We turn to Table 3 for an analysis of polarization for the longitudinal mixture model. The table

reports the number of countries, mean per capita emissions, and relative distance to the overall

5This is an open area of research for finite mixture methods but is currently unresolved.
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sample mean for each group. It is important to bear in mind that because mobility is not allowed

in the longitudinal mixture model, the number of countries that reside in each group is fixed over

the entire period. Thus, even if a country switched groups, the mixture model only identifies the

dominant group. Compared to the cross-sectional analysis, the longitudinal mixture model identifies

an approximately 50 percent increase in high emissions group membership, from about 70 members

to 104.

Our results are consistent with our polarization analysis based on the cross-sectional mixture

model. We see that both group means have been increasing over time, driving the increase in the

overall sample mean. The mean of the high emissions group increased by 87 percent (-1.341 to

-0.177), while the mean for the low emissions group increased by 55 percent (-2.331 to -1.027).

This does not necessarily imply, however, that the high emissions group is driving the increase

in the overall sample mean because in absolute increases, the low emissions group increased by

1.304 (log scale) while the high emissions group only increased by 1.164. Hence, our longitudinal

analysis suggests that the increase in group means for both groups is jointly driving the increase

in overall sample mean. The general story, however, remains the same. Even though both group

means have been increasing over time, reflecting the general trend of rising emissions over the last

several decades, the relative placement of the groups has widened. Therefore, our longitudinal

analysis confirms the increasing polarization of the emissions groups over time found in the pure

cross-sectional case.

We further see that the variance of emissions for members in the the high emissions group

decreases in each period, while the variance of emissions for members in the low emissions group

generally increases. Given the EVA specification suggest by the BIC criterion, this suggests that

there are strong past effects on emissions for both components, with the low emissions component

displaying a more chaotic set of dynamics over time (given the within group volatility). These

findings are consistent with the cross-sectional findings of reduced volatility in the high emissions

group only. Again, even with more countries having membership in the high emissions group (in

the longitudinal setting), we still see a decrease in the variance of per capita emissions over the

1960-2005 time period for the high emissions component.

[Figure 1 about here.]

To provide additional clarity into the evolution of the emissions distribution over time, we plot

the mean and individual country per capita emissions trajectories for both high and low emissions

groups. These plots are shown in Figure 1. The upper left panel (labeled Component 1) corresponds

to the high emissions group, and the upper right panel (labeled Component 2) corresponds to the low

emissions group. The solid (red) line in each figure shows the mean trajectory of each group. The

lower panel plots only the two group mean trajectories; the dashed (red) line for the low emissions

group mean trajectory. The lower panel shows a relatively stable and similar mean trajectory for

each group, albeit with different emissions levels.

Several interesting insights can be gleaned from the figure. First, it is clear that the relative

dispersion of the individual country trajectories is similar for each group. This provides visual
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confirmation that the first component of our covariance structure - the across group variance in a

given year - is not statistically different across groups. Notice, however, the differences in temporal

variability across groups. Countries classified into the high emissions group all follow a relatively

similar and stable trajectory, with the only obvious difference being in the level of per capita emis-

sions. Conversely, the individual country trajectories for the low emissions group are sporadic, with

no obvious trends common to the group. Viewing these two plots jointly, focusing on the tempo-

ral differences across groups, it is clear why the optimal covariance specification failed to impose

statistical equality across groups for the autoregressive shocks and within-group temporal variance.

There are obvious apparent short-run fluctuations in the low income group trajectories that appear

idiosyncratic across countries (at least visually from the figure), and that these fluctuations are not

significantly impacting the high income group trajectories.

The apparent stability of trajectories for the high emissions group, yet equally apparent in-

stability of the low emissions trajectories indicates that there are fundamental differences in the

emissions profiles of countries within each group. One possible explanation, which we explore later

using a bivariate mixture analysis, is that countries in the low emissions group are also low income

countries. Economic output in low emissions countries is unstable for a variety of macroeconomic

factors. Hence, instability of economic output could imply instability of emissions. In other words,

poor countries are more susceptible to macroeconomic shocks, which ultimately leads to temporal

instability of per capita carbon emissions. One might also hypothesize that institutional shocks or

dramatic changes in population that may be particular to individual countries or relatively small

regions might also lead to significant instability in the trajectory of emissions.

4.1.3 Robustness checks

An alternative time frame. For a slightly smaller sample of 122 countries, we can construct a

balanced panel from 1952 to 2008, using 4-year time intervals instead of 5-year intervals. We repeat

the testing procedures in order to check the robustness of our findings regarding the mixing process

with changes to the sample and the period. The 23 countries that we lose were almost completely

confined to the low emissions group in our earlier cross-sectional analysis. Table 4 shows some

interesting results.

[Table 4 about here.]

First, prior to 1984, we cannot reject the null hypothesis of a single component outside of 1952.

After 1980, we again have two components, consistent with our earlier analysis using 5-year intervals.

Looking at mobility and polarization for this model, reported in Table 5, we see evidence of mobility

across groups, with the general trend being an exodus from the high emissions group from 1980-

2008. We further see that the mean of the high emissions group remains relatively unchanged over

the same period, while the mean of the low emissions group increases by nearly 60 percent, from

-1.606 to -0.665, possibly reflecting both a general increase in emissions for all countries, as well as
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the inclusion of countries leaving the high emissions group. These results clearly suggest that the

overall increase in sample mean is driven primarily by countries in the low emissions group.

[Table 5 about here.]

Interestingly, we see a large increase in the disparity between the overall sample mean and the

high emissions group mean from 1980-2008, however the relative disparity for the low emissions

group decreases. This latter fact is likely due to the increasing number of countries classified into

the low emissions group: as the low emissions group contains a larger fraction of countries in the

sample, the group mean converges to the overall sample mean. Notice that as the sample of countries

belonging to the high emissions group changes over time, as well as the continuing evolution of

emissions profiles of countries, we observe an increase in polarization for the high emissions group.

Over the same time period, the longitudinal mixture method documents two groups, consistent

with our earlier findings (these results are available upon request). While this sample of countries

provides some additional interesting insights into the composition and evolution of the emissions

groups, these results are generally consistent with our initial cross-sectional and longitudinal mixture

results. Regardless of the time period, it appears that there is robust evidence, especially after 1980,

that there are two distinct emissions groups, and an increasing degree of polarization.

4.1.4 Summary of univariate findings

Before expanding our analysis into a bivariate distributional model, it is useful to summarize some of

the important insights gleaned from the wide range of univariate mixture models thus far deployed.

We have considered both cross-sectional and longitudinal mixture models, and two separate samples

of per capita carbon emissions data. For each combination, we have explored mobility (where

applicable), polarization, and temporal emissions trajectories. Our findings have largely remained

consistent across each of these univariate specifications.

First, our results indicate that there are two distinct emissions distributions post-1980. This

is readily apparent from the cross-sectional mixture models. The longitudinal models identify two

groups for the entire sample period, but we reiterate that membership is fixed over time in these

models, and that only the dominant specification is identified and assumed to hold across all years.

Taken as a whole, our results all point towards two groups of emissions: high per capita emissions,

and low per capita emissions.

Second, we find a substantial degree of mobility in each of the cross-sectional mixture models.

While identification of two groups of emissions parallels analogous findings in an aggregate income

context, our findings of mobility across groups constitutes an important difference in the evolution

of the emissions distribution, relative to an income distribution. Further analysis of the relative

differences of the emissions and income distributions is taken up in the following bivariate mixture

analysis.

Third, we find conclusive evidence that the two emissions groups are becoming increasingly

polarized over time. In particular, our models agree that the mean level of per capita emissions in
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both groups, and hence the overall sample mean, is increasing over time. However, our results also

show that the relative distance from each group to the overall sample mean is generally increasing

as well, suggesting that the differences between groups are also increasing. There is also a sense

that the members of the high emissions component are becoming more ‘homogeneous’ over time as

the variance of this component is collapsing over time (across all three setups).

Our evidence of increasing polarization might indicate a growing disparity of the long run steady

state level of per capita emissions across groups. Or, as shown by our emissions group trajectories,

it appears that emissions in the low emissions group countries are highly sensitive to shocks, and

are generally unstable over time. Both of these explanations are intuitive, may not be mutually

exclusive, and have important implications for global climate change policy. We return to these

policy implications in Section 5 following our bivariate and concomitant variables analyses.

4.2 Bivariate findings

While our results thus far have been shown to be generally robust and conclusive, two important

criticisms include our focus solely on relative (per capita) emissions instead of absolute (total)

emissions, and that we have ignored important interactions that emissions may have with GDP. We

now turn to a bivariate mixture analysis to address these important issues.

4.2.1 Mixture between absolute and relative emissions

To investigate the issue of relative versus absolute emissions we look at the number of components

in the joint distribution of total emissions and per capita emissions. We use the original 1960-2005

time frame with 145 countries. Using the bivariate mixture method, we find evidence of two groups

after 1970, but find no evidence of mixing in either 1965 or 1970. Moreover, the relative size of

the groups has remained approximately stable over the 1970-2005 time period, going from equal

proportions in 1975 and 1980 to nearly a 6 to 5 ratio from 1995 onward.

Beyond identification of two groups, our results indicate that the overall bivariate density is

changing shape over time as the ideal mixture possesses a variance-covariance matrix with an EEI

structure in both 1975 and 1980 and a VVI structure from 1995 to 2005. Thus, not only did

the component size change over time, but the shape, volume, and orientation changed, suggesting

that the relationship between absolute and relative emissions was changing considerably during this

period.

This bivariate evolution can be seen in Figure 2. We clearly see two distinct groups: high

absolute, high relative emissions, and low absolute, low relative emissions. The lower group (the

dots) goes from a circular to an elliptical shape from 1960 to 2005, and the upper group (the squares)

becomes heavily elliptical. Further, the central location of both groups has increased, and it is clear

that the number of countries in the high absolute, high relative emissions group has increased.

[Figure 2 about here.]
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Three important implications arise from these bivariate results. First, even after considering

interactive effects of relative and absolute emissions, we continue to identify two groups. As before,

these groups are based on low and high emissions countries, in this case high absolute and relative

(per capita) emissions. Second, the reduction in the variance of the high group is evident comparing

the size of the ellipse in 1960 to that in 2005, consistent with our univariate findings. The third

implication is that these results suggest that the question of whether to base climate policy on

relative or absolute emissions may not be as important as previously thought since our groupings

suggest high relative emissions countries are also high absolute emissions countries.

4.2.2 Mixtures between income and emissions

We next consider a bivariate analysis of per capita emissions and per capita GDP. There is a well-

documented correlation between emissions and income, an issue that has no doubt been at the

forefront of global carbon abatement policy for a host of reasons (Azomahou, Laisney & Van 2006).

These results quantify the evolution of this important bivariate distribution.

We use real GDP per capita from the Penn World Table 7.1 as our measure of GDP. After

merging our emissions data with the Penn World Table data, we are left with a sample of 84

countries spanning the period 1960-2005. Using the BIC we find evidence of two groups in every

period except 1960.

Focusing on the parameters of our components we have a high GDP-high emissions component

and a low GDP-low emissions component. Table 6 reports mobility and polarization results for

this mixture. Focusing first on mobility, we see a relatively large number of countries classified

into the low group, and we do not find much evidence of mobility across groups. This result seems

to mirror the typical results from an income setting in which two groups emerge from the mixture

analysis, but few countries move across groups over time. We do not see this as contradictory to our

univariate results, movement between components now requires substantial changes in both GDP

and emissions.

We see the group means increasing for both groups - hence the overall sample mean of GDP

increases as well. In contrast to our previous emissions results, we do not find much change in

component means for GDP across time. From 1965 to 2005, the distance of the mean level of per

capita GDP for the high emissions group increases from 15.9 percent to 16.5 percent above the

sample mean. Similarly, the mean level of GDP for the low group only increases its distance from

the sample mean from 4.9 percent below the mean to 6.6 percent below.

The same is not true for emissions per capita, as shown in the lower half of Table 6. In particular,

we see the mean of per capita emissions increase from 0.671 to 0.892, increasing its distance above

the sample mean from one and a half times to nearly three times. The sample mean for the low

group increases its distance below the sample mean from approximately 50% to over 100%. Hence,

we see increased polarization in emissions profiles. This result is consistent with our univariate

findings, but is in contrast to the relatively constant degree of polarization of per capita GDP.

Turning to the variance for both GDP and carbon emissions, we find that the variance for

18



both variables in the high emissions group generally decreases over time. Conversely, the variances

increase in the low emissions group. These results are consistent with our previous findings for

emissions in our univariate mixture models, as well as the income results reported in Battisti &

Parmeter (2013). Hence, we conclude that the tightening of the emissions distribution for the high

emissions group is not affected by considering interactive effects between emissions and income.

Jointly, these results suggest a high degree of stability in the emissions profiles of high emissions

countries.

[Table 6 about here.]

Figure 3 shows the bivariate classification of GDP and emissions. As expected, we see that the

central tendencies of each group are increasing over time, and that the size, shape, and orientation of

the distributions have also evolved between 1960 and 2005. In particular, notice that the dispersion

of each group has substantially decreased over the sample period and that the orientations have also

changed. Consistent with prior results for emissions, this indicates that the bivariate distribution

is becoming increasingly polarized over time.

[Figure 3 about here.]

4.2.3 Summary of bivariate findings.

Our bivariate results reinforce our cross-sectional and longitudinal mixing result that there is con-

sistently two emissions components over time. With our bivariate emissions analysis we see two

groups, dividing the countries in our sample into a group of high relative and high absolute emis-

sions, and a group of low relative and low absolute emissions. For the bivariate GDP mixture, we

find a high income, high emitter group and a low income, low emitter group. Further, we see that in

each case, the ‘high’ component displays a decreasing variance of emissions over time, which mimics

what we uncovered in the univariate setting. Thus, we continue to see evidence of ‘homogenous’

emissions patterns for ‘high’ emitting countries.

4.3 Incorporating concomitant variables

We now turn to our concomitant variables analysis through which we can determine which factors

likely influence the probability of membership within each group. Recall that in this model, we

allow the component weighting parameter - the probability that a country falls into a particular

group - to be a function of a set of additional variables. Like the bivariate mixture analysis, these

models allow us to uncover interactive effects of emissions with several important variables that are

not identified using the univariate mixture analysis. This type of analysis is useful for understanding

the evolution of the distribution of carbon emissions as it is influenced by other factors.

We expect emissions mixing is dictated by specific components, such as income, trade, energy use

and energy production, energy intensity, and resource constraints and availability (i.e., endowments

or stocks). In particular, we expect increases in income, both absolute and per capita, to increase
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the probability that a country is positioned in the high emissions group. We further expect that

countries with higher energy use or higher energy intensity (e.g., through a higher population

density) are more likely to be positioned in the high emissions group (Soytas et al. 2007), while

countries with higher resource endowments or rents are more likely to be in the low emissions group.

4.3.1 Using individual concomitant variables

We first consider several concomitant variables individually, through a univariate concomitant mix-

ture analysis. Specifically, we consider as our primary concomitant variables, the log of GDP, forest

rents, the log of energy use, and the log of energy production.6 For each of the four models in each

year, we report the logit coefficient estimate for the high emissions group and its standard error,

the sample size, an indicator of whether or not the mixture model selected more than two mixture

components, and the distance of the high group mean to the overall sample mean. These results

are reported in Table 7.

[Table 7 about here.]

We find that each of our concomitant variables are statistically significant in each year. Recall

that these coefficients have the interpretation of governing the effect of an increase in each concomi-

tant variable on the probability that each country is placed in the high emissions group, relative to

being placed in the low emissions group. Hence, we find that in every year, increases in GDP, energy

use, and energy production increase the probability that a country is placed in the higher emissions

group. An increase in forest rents, on the other hand, decreases the probability that a country is

placed in the high emissions group. These results are consistent with conventional wisdom that

high income and high energy users have higher emissions, while countries rich in natural resources

have lower emissions.

These results do differ across years in magnitude. The coefficient on GDP remains relatively

stable across time, gradually increasing, with the exception being the large increase from 1.899 to

5.317 between 2000 and 2005. We see a similar pattern for the energy use coefficient, with large

increases in its magnitude only after 1995. The coefficients on forest rents and energy production

vary substantially in magnitude across years, however, this is not concerning given the logit form of

the group probability. These large (in magnitude) parameter estimates suggest that for countries

with even sizable amounts of energy production or forest rents, the probability of being in the

high(est) emission component is 1 and 0, respectively. Only in 1995 would there be some uncertainty

regarding group membership based off of high energy production.

In terms of grouping and polarization, we find that there are generally two different groups of

emissions, except for the forest rents model beginning in 1985. We further find that the GDP and

energy use models are relatively stable in terms of polarization, with the distance between the high

6We found that when we considered population density and trade as concomitant variables, there was little evidence
of mixing (multiple component densities). In years in which we found evidence of emissions mixing, the coefficients
on these variables were generally insignificant.
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emissions group mean and the overall sample mean staying relatively constant over time. We do

notice, however, that there are fluctuations in this distance from year to year, suggesting a moderate

amount of mobility over time. We find evidence of increasing polarization in the forest rents model,

as well as in the energy production model. Taken as a whole, these results are largely consistent

with our univariate and bivariate mixture results reported previously that identified two distinct

emissions groups, with a moderate degree of mobility and polarization over time.

4.3.2 Using multiple concomitant variables

We next turn to a multivariate concomitant variables analysis, in which we simultaneously consider

the effects of several concomitant variables on the distribution components of carbon emissions.

Specifically, we consider two different models: the first considers GDP, forest rents, and energy use

simultaneously; the second considers forest rents and energy use jointly. We report these results in

Table 8.

We find that, with the exception of energy use in Model 1, each coefficient takes the expected

sign, with magnitudes similar to those estimated in Table 7. However in a given year, we no longer

see that all the coefficients are statistically significant. This lack of significance for some variables

in some years may simply reflect the high degree of correlation between emissions, GDP, energy use

and production, and natural resource endowments.

In Model 1, we see evidence of two groups up until 1990, after which we identify three distinct

groups of emissions. At the same time, the distance between the mean of the high emissions group

and the overall sample mean increases substantially, and continues to increase through the rest of

our time frame. Hence, this suggests increasing polarization, especially following the 1990 division

of the emissions distribution into three groups.

We find evidence of multiple groups in Model 2 in all years, finding that there are initially four

groups, which ultimately settles on three groups after 1990. The finding of four groups could be

a true feature of the data, however we believe it is most likely an artifact of the data given the

small sample size. Further, from 1985 we see two groups with the groups possessing a more stable

balance of countries, suggesting that a few countries with relatively large emissions levels in the

1970s were acting as a component. Table 8 further shows increasing polarization in emissions for

Model 2. Hence, while we identify a larger number of groups than previously identified in the array

of mixture models considered thus far, we continue to find evidence of increasing polarization in the

distribution of emissions.

[Table 8 about here.]

4.3.3 Summary of results

We draw several important conclusions from the concomitant analyses. First, our proposed con-

comitant variables are generally significant factors influencing the grouping of carbon emissions,

both individually and jointly. Second, low emissions groups have lower GDP, lower energy use and
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production, and larger resource endowments (the natural resource curse). Third, the number of

countries in the high emissions group shrinks over time. Fourth, we continue to find increased po-

larization in emissions. And fifth, we see a decrease in the variance of emissions (generally) for those

countries in the high(est) emissions group while those countries in the low(est) emissions group have

a variance that is nondecreasing over the 1975-2005 period.

Taken jointly, these results largely confirm the findings identified previously, perhaps with the

exception that in the multivariate concomitant analysis we find evidence of more than two groups.

This suggests that using additional variables to further account for heterogeneity across countries

assists in parsimoniously grouping countries together which may be seen as ‘similar’ from the point

of view of emissions. Even with the finding of more groups than our earlier results, we do not see a

substantial increase in the number of emissions components, providing evidence that a heterogeneous

emissions policy may be a feasible goal.

5 Policy Insights

We now turn to a discussion of our results with respect to global environmental policy. In gen-

eral, theoretical models on international environmental agreements focus heavily on participation,

commitment, a catastrophic threshold in temperature, and/or self-enforcing mechanisms within the

proposal (Barrett 1997, Asheim et al. 2006, Kolstad 2010, Barrett 2013). As a result, much of the

related literature is purely theoretical, and heterogeneity is typically modeled as differences in the

marginal cost or marginal benefit of abatement. In reality, neither of these are generally observed,

nor do either of these sources of heterogeneity completely describe many of the important differ-

ences that exist across countries. Yet, the general consensus in this theoretical literature has been

that allowing for heterogeneity in the marginal costs and benefits of abatement can increase the

effectiveness from international agreements (McGinty 2007), or that having multiple heterogeneous

abatement regimes can lead to higher welfare (Asheim et al. 2006).

From the perspective of each individual country, in a heterogeneous abatement agreement it

is important to be reassured that other members of the group have similar current and historical

emissions levels. One source of the disagreement between developed and developing countries with

regards to emissions abatement involves the allocation of global abatement given current and his-

torical emissions levels, and the differences between per capita and total emissions. For instance,

developing countries with a relatively short history of (a large amount of) carbon emissions argue

that ambient emissions levels are the result of emissions from the developed world, and so the

burden of abatement should be placed more heavily on the developed world. Others argue that

emissions should be allocated per capita, which would imply that countries such as China or India

are entitled to substantially larger total levels of emissions than the United States or Europe.7 An

interesting point here is that our bivariate results from per capita and absolute emissions mixing

was suggestive that the groups displayed positive correlation amongst both variables, both high and

7This view also implies that population growth would become a viable policy tool for countries looking to reduce
their per capita emissions levels without undertaking the costs of abatement (Sirianni & Yang 2010).
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low per capita and absolute emissions.

The many variants of the mixture models we deploy here are aimed at providing a comprehensive

analysis of the evolution of the global distribution of carbon emissions, bearing in mind these

complex issues related to fairness, responsibility for abatement, and economic development. Across

the wide range of models we consider, we continue to identify two distinct groups of emissions.

This finding is robust to consideration of relative or absolute emissions, or the potential interaction

with economic output. Further, we also uncovered an interesting pattern regarding the variance

of emissions: those countries found to be in the high emissions group had diminishing variation

of emissions over time, suggesting a movement towards homogeneity that was lacking in the low

emissions group. Taken as a whole, this constitutes robust quantitative evidence that the number

of fundamentally distinct groups of countries, in terms of statistically measurable emissions profiles,

is relatively small. In terms of the implication of these findings for global policy, our results suggest

that a policy aimed heterogeneously across high emitters and low emitters (or, similarly, high income,

low income) may garner substantial support. Further, given the relative instability of emissions for

a given country within the low emission group and the mobility we observed, it may appear that

more focus is put on getting high emitters to reach consensus in any heterogeneous policy.

These results are consistent with the theoretical analysis of Asheim et al. (2006), who show

that a heterogeneous proposal based on two different groupings of countries is Pareto preferred to a

single policy, and is capable of generating higher levels of commitment and support. In particular,

such a policy is likely to be perceived as considerably more fair than a single policy. Countries with

low levels of relative and absolute emissions, which coincidently are countries with relatively low

income, would be responsible for a relatively smaller burden of carbon abatement. Hence, abate-

ment responsibility is commensurate with current and historical contributions, as well as level of

economic development. While Kruger, Oates & Pizer (2007) document both strengths and chal-

lenges associated with a heterogeneous abatement policy, our results provide general quantitative

support for further proposals of this type, perhaps on a global level. Our results are encouraging in

that we identify only two distinct groups of emissions over a wide array of mixture models.

An important implication of our results relates to the flexibility of carbon abatement proposals.

Our models indicate a substantial degree of mobility and polarization in the distribution of emissions.

Hence, we find robust evidence of continual short run evolution in carbon emissions. In light of this

finding and its apparent robustness, it is important for any climate change proposal to maintain

enough flexibility as to evolve in tandem with the evolution in the emissions distribution. These

findings constitute statistical support for the notion that global environmental policy must recognize

short run domestic pressures facing heterogeneous countries (Pizer 2006).

It is hard to concretely identify specific countries as high or low emitters given that we used

different samples across each of our methods. First, our definition of high is linked to the component

with the highest mean, but it is likely that in years where three or four components were found this

highest mean group was more emblematic of four to six countries with abnormally high emissions

than a feature of the underlying long run distribution of global emissions. Second, it is possible
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that countries that are classified as members of the high component could have emissions that are

lower than the emissions of countries in an emissions component with a lower mean. Third, we did

not have access to a consistent sample size across all of our econometric exercises. Our univariate

findings were based on a sample of 145 countries, our bivariate results were for 84 countries and the

concomitant analysis was based on 75 countries. These two issues make precise statements about

the composition of the high emissions component difficult.

However, carefully analyzing all of our results (excluding the concomitant variable analyses)

there do exist several countries which are always found to belong in the high emissions component.

These countries are Australia, Austria, Belgium, Canada, Denmark, Finland, France, Greece, Ire-

land, Israel, Italy, Japan, Luxembourg, Netherlands, New Zealand, Spain, Sweden, Trinidad and

Tobago, the United Kingdom and the United States. Notice the relative number of European Union

countries in this finding, consistent with the recent policy analysis of Kruger et al. (2007). We take

this list of countries as a useful starting point to broach discussions on an emissions abatement

policy.

Trinidad and Tobago may look out of place on this list. However, in per capita terms, Trinidad

and Tobago has the 7th highest level of per capita emissions in our data in 2005. Moreover, Trinidad

and Tobago’s greenhouse gas emissions stem from the petrochemical (56%) and power generation

(30%) sectors (Ministry of Energy and Energy Affairs 2010). This emissions profile of the economy

is further complicated by the fact that many of the producers of petrochemicals in Trinidad and

Tobago are not domestically owned and a majority of the products are exported. Given the small

size of Trinidad and Tobago coupled with these features of their economy it is clear why they were

found to belong to the high emissions component.8

6 Conclusion

Using methods specifically designed to detect the presence of numerous components of a density,

we rigorously analyze the evolution of the global distribution of carbon emissions over the last

half century. Mixture modeling is ideally suited to studying this distribution given that previous

research has documented patterns consistent with mixing. Further, if homogeneous subgroups of

countries exist, this information is important for construction of optimal international environmental

agreements or cross-country abatement targets. We consider a wide range of models aimed at

determining the robustness of our results to differences in samples, mixture modeling method,

consideration of univariate or bivariate distributions, or the incorporation of several concomitant

variables.

We find robust evidence that there exists (at least) two distinct groupings of emissions, based

on high and low per capita emissions. We further find robust evidence that there exists a rela-

tively moderate degree of mobility across groups over time relative to the degree of mobility often

8Further, we calculated the conditional probability of membership for Trinidad and Tobago and found that the
inclusion probability in the cross-sectional case in 2005 is 0.71, in the panel mixing case is 0.98, in the bivariate with
GDP in 2005 is 0.994 and in the bivariate with absolute emissions in 2005 is 0.995.
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found in a cross-country income mixture analysis. Our results are robust to the consideration of

bivariate interactions of per capita emissions with total emissions and per capita GDP, as well as

the interactive effects of GDP, energy use, energy production, and forest rents on influencing the

composition of the univariate mixtures of emissions. One important implication of these results is

that a heterogeneous global policy need not be based on a large number of groups.

Our most interesting result is that regardless of the sample and methods used for analysis,

we find a high emissions component, the members of which display a decreasing variation over

time. This result is important because it signals that emissions patterns across these countries are

becoming homogeneous and there is optimism that coordination or cooperation through emissions

abatement may be fruitful. We also find that there is substantially more volatility in emissions for

countries with low levels of emissions, suggesting that efforts be made with high emitters first.

We focus extensively on mobility and polarization, and conclude that the distribution of carbon

emissions is continually evolving over relatively short periods of time. Hence, it is important for

global environmental policies to maintain enough short-run flexibility to accommodate such short-

run fluctuations and evolution. Further, the robust finding of polarization underscores the necessity

of movement towards a heterogeneous carbon abatement policy, as a single global policy may not

be consistent when dealing with a distribution characterized by mixing.
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Figure 1: Disaggregated emissions trajectories for each group (component) over the 1960-2005
period for the longitudinal mixture model. The solid (red) line in the component plots shows the
component mean trajectory. Component 1 indicates the high emissions group, and Component 2
indicates the low emissions group.
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Figure 2: Bivariate mixture analysis for log normalized per capita and total CO2 emissions.
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Figure 3: Bivariate mixture analysis for log normalized per capita GDP and per capita CO2 emis-
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Table 1: BIC test results for the cross-
sectional model.

Number of groups tested

Year 1 2 3

1960 569.310 577.054 590.758
1965 564.412 570.707 584.368
1970 563.011 567.663 566.335
1975 560.220 575.134 582.766
1980 559.121 563.808 578.731
1985 553.520 548.126 563.064
1990 560.389 549.534 562.878
1995 560.536 553.431 564.880
2000 557.364 552.434 560.987
2005 549.435 543.835 552.866

1. Sample includes 145 countries.
2. The lowest BIC value in each year
is highlighted in bold.
3. Lowest BIC indicates the optimal
number of groups for that year.
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Table 2: Localization and polarization of groups for per capita carbon emissions for the cross-sectional
model.

High emissions group Low emissions group

Year Number Mean Relative ∆σ2 Number Mean Relative ∆σ2 Sample mean

1960 -1.674
1965 -1.378
1970 -0.919
1975 -0.774
1980 -0.663
1985 70 0.680 195.5% 75 -1.778 -149.6% -0.713
1990 69 0.770 222.3% -14.3% 76 -1.667 -164.7% 21.5% -0.630
1995 55 0.773 236.6% -36.4% 90 -1.228 -117.2% 37.3% -0.566
2000 71 0.679 225.3% 49.5% 74 -1.275 -135.3% -1.5% -0.542
2005 76 0.691 255.3% -7.2% 69 -1.152 -158.9% 3.6% -0.445

1. Sample contains 145 countries spanning the period 1960-2005.
2. Number refers to the number of countries in each group.
3. Mean is the mean per capita emissions for each group (in logs).
4. Relative is the distance from group mean to overall sample mean.
5. ∆σ2 is the temporal change in variance for each group.
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Table 3: Localization and polarization of groups for per capita carbon emissions for the longitudinal
model.

High emissions group Low emissions group

Year Number Mean Relative ∆σ2 Number Mean Relative ∆σ2 Sample mean

1960 104 -1.341 19.9% 41 -2.331 -39.27% -1.673
1965 104 -1.063 22.8% -2.0% 41 -1.996 -44.83% -4.5% -1.378
1970 104 -0.772 15.9% -3.1% 41 -1.152 -25.39% 15.4% -0.919
1975 104 -0.592 23.6% -8.3% 41 -1.110 -43.40% 6.0% -0.774
1980 104 -0.447 32.5% -4.4% 41 -1.072 -61.72% 2.1% -0.663
1985 104 -0.470 34.1% -0.9% 41 -1.203 -68.90% -9.3% -0.712
1990 104 -0.384 39.1% -1.0% 41 -1.125 -78.77% 12.7% 0.630
1995 104 -0.293 48.3% -6.3% 41 -1.137 -101.02% 5.3% -0.566
2000 104 -0.242 55.3% -3.0% 41 -1.184 -118.33% -4.0% -0.542
2005 104 -0.177 60.1% -4.3% 41 -1.027 -130.82% -4.7% -0.445

1. Sample includes 145 countries spanning the period 1960-2005.
2. Number refers to the number of countries in each group.
3. Mean is the mean per capita emissions for each group (in logs).
4. Relative is the distance from group mean to overall sample mean.
5. ∆σ2 is the temporal change in variance for each group.
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Table 4: BIC test results for the cross-
sectional model.

Number of groups tested

Year 1 2 3

1952 479.068 478.311 490.651
1956 473.899 479.994 489.580
1960 457.306 462.523 476.272
1964 463.866 469.227 483.601
1968 460.389 474.782 477.598
1972 455.645 462.788 476.767
1976 454.215 468.613 483.027
1980 448.128 455.260 469.267
1984 444.155 441.232 455.503
1988 452.279 446.264 458.230
1992 454.940 449.964 460.566
1996 450.196 445.129 456.630
2000 443.733 441.539 447.833
2004 436.564 434.361 440.671
2008 435.721 434.194 446.451

1. Sample spans 1952-2008 and in-
cludes 122 countries.
2. The lowest BIC value in each year
is highlighted in bold.
3. Lowest BIC indicates the optimal
number of groups for that year.
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Table 5: Localization and polarization of groups for per capita carbon emissions for the cross-sectional
model from 1952-2008 measured over 4-year intervals.

High emissions group Low emissions group

Year Number Mean Relative ∆σ2 Number Mean Relative ∆σ2 Sample mean

1952 34 0.215 124.3% 88 -2.708 -41.6% -1.891
1956 -1.649
1960 -1.478
1964 -1.236
1968 -0.999
1972 -0.710
1976 -0.641
1980 -0.531
1984 60 0.596 195.5% 62 -1.676 -168.6% -0.624
1988 52 0.778 241.5% -32.2% 70 -1.364 -147.9% 41.5% -0.550
1992 45 0.729 245.9% -51.5% 77 -0.982 -96.5% 70.1% -0.499
1996 49 0.755 277.2% 36.2% 73 -0.999 -134.5% -15.9% -0.426
2000 52 0.675 272.6% 20.2% 70 -0.917 -134.4% -2.0% -0.391
2004 47 0.731 341.2% -31.3% 75 -0.793 -161.7% 6.8% -0.303
2008 50 0.629 333.9% -8.9% 72 -0.665 -147.1% 21.6% -0.269

1. Sample spans the period 1952-2008.
2. Number refers to the number of countries in each group.
3. Mean is the mean per capita emissions for each group (in logs).
4. Relative is the distance from group mean to overall sample mean.

36



Table 6: Localization and polarization of bivariate groups for log normalized per capita carbon emissions
and log GDP.

High GDP/emissions group Low GDP/emissions group

Year Number Mean Relative ∆σ2 Number Mean Relative ∆σ2 Sample mean

GDP
1960 8.010
1965 21 9.470 15.9% 63 7.771 -4.9% 8.168
1970 21 9.684 16.3% -49.3% 63 7.953 -4.5% 13.3% 8.324
1975 21 9.785 15.7% -21.5% 63 8.047 -4.9% 2.4% 8.457
1980 20 9.902 15.5% -7.7% 64 8.205 -4.3% 11.3% 8.572
1985 25 10.007 16.5% 54.4% 59 8.075 -6.0% -21.3% 8.593
1990 26 10.109 16.7% 35.4% 58 8.025 -7.4% -5.2% 8.664
1995 29 10.169 16.5% -3.6% 55 8.068 -7.6% 13.1% 8.732
2000 28 10.329 16.9% -3.8% 56 8.139 -7.9% 4.2% 8.833
2005 26 10.407 16.5% -43.1% 58 8.338 -6.6% 12.9% 8.929

CO2

1960 -1.550
1965 21 0.671 150.9% 63 -1.924 -46.0% -1.318
1970 21 0.935 197.1% -22.1% 63 -1.482 -53.9% 3.0% -0.963
1975 21 0.923 214.2% -21.0% 63 -1.343 -66.2% 2.5% -0.808
1980 20 1.024 247.1% 4.8% 64 -1.172 -68.3% 11.0% -0.696
1985 25 0.830 210.1% -12.7% 59 -1.333 -76.8% 1.3% -0.754
1990 26 0.854 227.6% -4.0% 58 -1.343 -100.7% -1.1% -0.669
1995 29 0.865 248.8% -9.3% 55 -1.250 -115.1% -0.5% -0.581
2000 28 0.907 262.3% -22.2% 56 -1.238 -121.7% -0.3% -0.559
2005 26 0.892 284.8% -22.2% 58 -1.034 -114.0% 11.1% -0.483

1. Sample includes 84 countries and covers the period 1960-2005.
2. There is only one group for 1960.
3. Number refers to the number of countries in each group.
4. Mean is the mean per capita GDP/emissions for each group (in logs).
5. Relative is the distance from group mean to overall sample mean.
6. ∆σ2 is the temporal change in variance for each group.
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Table 7: Parameter estimates from the univariate concomitant mixture models.

GDP Forest Rents Energy Use Energy Production

1975

Coefficient 0.950∗∗∗ -3.864∗∗∗ 0.946∗∗∗ 13.038∗∗

Standard error (0.191) (1.245) (0.217) (5.124)
Group size 42 59 23 39
Distance from mean 151.8% 115.5% 270.5% 173.8%

1980

Coefficient 1.269∗∗∗ -2.827∗∗∗ 0.965∗∗∗ 14.566∗∗

Standard error (0.259) (0.811) (0.219) (6.005)
Group size 50 60 24 40
Distance from mean 132.1% 132.5% 327.2% 202.6%
∆σ2 15.01% -6.49% 12.63% -7.24%

1985

Coefficient 0.962∗∗∗ -6.012∗∗ 0.766∗∗∗ 2.940∗∗∗

Standard error (0.192) (2.515) (0.167) (0.724)
Group size 39 46Θ 47 48Θ

Distance from mean 162.9% 165.3% 255.1% 179.0%
∆σ2 -31.92% -38.66% 67.90% -10.64%

1990

Coefficient 1.187∗∗∗ -8.470∗∗∗ 0.711∗∗∗ 1.301∗∗∗

Standard error (0.234) (2.182) (0.177) (0.282)
Group size 45 34Θ 62 57Θ

Distance from mean 189.6% 115.5% 229.5% 196.6%
∆σ2 17.54% 83.67% 14.91% -22.65%

1995

Coefficient 1.544∗∗∗ -71.480∗ 2.216∗∗∗ 2.949∗∗∗

Standard error (0.314) (37.326) (0.452) (0.749)
Group size 42 33Θ 50 54
Distance from mean 153.8% 195.5% 240.4% 232.3%
∆σ2 -3.36% -12.92% -2.77% 11.08%

2000

Coefficient 1.899∗∗∗ -23.80∗∗∗ 10.729∗∗∗ 3.100∗∗∗

Standard error (0.412) (6.401) (3.671) (0.765)
Group size 44 27Θ 52 49
Distance from mean 155.7% 221.7% 209.7% 220.3%
∆σ2 0.02% 16.74% 12.52% 16.19%

2005

Coefficient 5.317∗∗∗ -31.169∗∗∗ 7.310∗∗∗ 14.144∗∗

Standard error (1.573) (8.526) (2.141) (6.445)
Group size 33Θ 26Θ 53 42
Distance from mean 223.6% 241.2% 276.0% 267.1%
∆σ2 1.19% -26.58% -3.38% -2.68%

1. Coefficient estimates are presented for the high emissions group.
2. ***, **, * represents significance at the 99%, 95%, 90% levels, respectively.
3. Θ indicates that the selected number of segments is greater than 2.
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Table 8: Parameter estimates from the multivariate concomitant mixture models.

Model 1 Model 2

GDP Forest Rents Energy Use Forest Rents Energy Use

1975

Coefficient 5.591∗∗ -5.240∗∗ -4.284∗∗ -6.082∗∗ 0.728
Standard error (2.420) (2.610) (1.989) (2.717) (0.704)
Group size 48 6
Number of segments 2 4
Distance from mean 129.2% 242.3%

1980

Coefficient 4.442∗∗ -3.601∗∗∗ -3.305∗∗ -1.128 0.363
Standard error (1.953) (1.036) (1.551) (0.884) (0.343)
Group size 48 4
Number of segments 2 4
Distance from mean 159.9% 324.6%
∆σ2 -4.36% -8.94%

1985

Coefficient 1.341 -5.264∗∗∗ 1.472 -32.71 8.792
Standard error (0.927) (1.554) (0.890) (22.68) (6.253)
Group size 36 36
Number of segments 2 2
Distance from mean 206.0% 194.2%
∆σ2 -28.99% 24.93%

1990

Coefficient 3.069 -92.50 11.04 -93.36∗ 3.880
Standard error (3.606) (68.54) (10.93) (49.53) (4.117)
Group size 31 31
Number of segments 3 4
Distance from mean 225.4% 225.6%
∆σ2 -13.22% 58.47%

1995

Coefficient 6.096∗ -80.40∗ 1.849 -81.90∗ 6.430
Standard error (3.398) (48.02) (5.274) (49.16) (4.197)
Group size 27 27
Number of segments 3 3
Distance from mean 292.7% 293.0%
∆σ2 -16.29% 3.92%

2000

Coefficient 7.619∗ -70.73∗ -5.691∗ -81.29∗∗ 2.621∗∗

Standard error (0.191) (1.245) (1.245) (36.81) (1.280)
Group size 21 23
Number of segments 3 3
Distance from mean 324.4% 313.3%
∆σ2 49.87% -12.08%

2005

Coefficient 3.766∗∗ -90.70∗∗ 0.684 -72.32∗∗ 4.490∗∗

Standard error (1.833) (32.54) (1.245) (1.441) (2.061)
Group size 16 31
Number of segments 3 3
Distance from mean 369.9% 343.9%
∆σ2 -1.62% 29.17%

1. Coefficient estimates are presented for the high emissions group.
2. ***, **, * represents significance at the 99%, 95%, 90% levels, respectively.
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