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Abstract

Differences in time allocation enlighten patterns of gendered poverty. This thesis
disentangles the interlinked nature of deprivations in leisure time and income as
well as income inequality and carbon emissions. Regressions beyond the mean
shed light on the strength of their dependence, which influences vulnerability to
poverty and potentials for a sustainable future.

The first essay of this dissertation sets out that unpaid responsibilities need to
be done to sustain a family. Complex processes of reciprocal causality channel
women into unpaid work, resulting in reduced participation in market work and
lower access to an independent income. Results show a significant gender gap in
the type of unpaid work performed and differences in trade-offs between unpaid
work and paid work using the 2014 Mexican National Occupation and Employment
Survey.

The second essay investigates the relationship between leisure time and income
deprivation, developing a bivariate relative poverty line using data on individual
monetary income and leisure from the 2018 Mexican National Survey of House-
holds, Income and Expenses. Distributional copula models shed light on the vul-
nerability to such bidimensional poverty. The strength of dependence between
leisure and income varies with educational level and number of children, which in-
tensifies the vulnerability to bidimensional poverty for women but not for men in
Mexico; moreover, non-indigenous women are more vulnerable to relative poverty,
while indigenous women are more vulnerable to absolute poverty.

The third essay provides a critical review of time and income measures devel-
oped by Vickery (1977), Bardasi and Wodon (2010), Zacharias et al. (2012) and
the approach from the previous essay. This comparison demonstrates that an
all-encompassing bidimensional measure needs to include minimum thresholds of
money, leisure and unpaid work as well as information on their substitutability.

The fourth essay identifies bidirectional transmission channels to reduce income
inequality and carbon emissions simultaneously. Distributional copula models an-
alyze determinants of their interdependence by using an unbalanced data set of
154 countries from 1960 to 2019. Level of consumption, energy sources, economic
sectors and political system relate to the strength of dependence providing in-
sights into probabilities of countries falling into an area of potential social and
environmental sustainability.
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Zusammenfassung

Unterschiede in der Zeitverwendung verdeutlichen geschlechtsspezifische
Armutsmuster. Diese Dissertation untersucht die Zusammenhänge zwischen
Freizeit- und Einkommensarmut und zwischen Einkommensungleichheit und
Kohlendioxidemissionen. Regressionen jenseits des Mittelwerts ermöglichen es,
die Abhängigkeitsstruktur, die die Armutsvulnerabilität sowie die Möglichkeiten
einer nachhaltigen Zukunft beeinflussen, zu analysieren.

Der erste Artikel legt dar, dass unbezahlte Aufgaben geleistet werden müssen,
um eine Familie zu versorgen. Komplexe Prozesse wechselseitiger Kausalität
führen dazu, dass Frauen diese unbezahlte Arbeit übernehmen. Hieraus folgt eine
geringere Beteiligung an Lohnarbeit und ein eingeschränkter Zugriff
auf ein unabhängiges Einkommen. Die Ergebnisse zeigen signifikante
geschlechtsspezifische Unterschiede in der Art der unbezahlten Arbeit und beim
Trade-Off zwischen unbezahlter und bezahlter Arbeit. Verwendet wird die
nationale mexikanische Berufs- und Beschäftigungserhebung von 2014.

Der zweite Artikel untersucht die Beziehung zwischen Freizeit- und Einkommen-
sarmut und entwickelt eine bivariate relative Armutslinie basierend auf Daten zu
individuellem Einkommen und Freizeit aus der mexikanischen Nationalen Erhe-
bung über Haushalte, Einkommen und Ausgaben von 2018. Modelle der Copula-
Regression beleuchten die Vulnerabilität für diese zweidimensionale Armut. Die
Stärke der Abhängigkeit zwischen Freizeit und Einkommen variiert mit dem Bil-
dungsniveau und der Anzahl der Kinder. Dies verstärkt die bidimensionale Ar-
mutsvulnerabilität für Frauen, aber nicht für Männer in Mexiko. Zudem sind nicht-
indigene Frauen anfälliger für relative Armut, während indigene Frauen anfälliger
für absolute Armut sind.

Der dritte Artikel bietet einen kritischen Überblick über die von Vickery (1977),
Bardasi und Wodon (2010) und Zacharias et al. (2012) entwickelten Zeit- und
Einkommensmaße und den Ansatz aus dem vorherigen Artikel. Dieser Vergle-
ich zeigt, dass ein allumfassendes bidimensionales Maß Mindestschwellenwerte für
Geld, Freizeit und unbezahlte Arbeit sowie Informationen über deren Substituier-
barkeit enthalten muss.

Im vierten Artikel werden wechselseitige Übertragungskanäle zur simultanen Re-
duzierung von Einkommensungleichheit und Kohlendioxidemissionen identifiziert.
Modelle der Copula-Regression analysieren die Determinanten ihrer Interdepen-
denz anhand eines unbalancierten Datensatzes von 154 Ländern zwischen 1960 und
2019. Konsumniveau, Energieträger, Wirtschaftssektoren und politisches System
stehen im Zusammenhang mit der Stärke der Abhängigkeit und geben Aufschluss
über die Wahrscheinlichkeit, dass Länder in einen Bereich potenzieller sozialer und
ökologischer Nachhaltigkeit liegen.
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1 Introduction

1.1 It’s time

Everyone needs time and a sustainable future to live a life in dignity. We need to

acknowledge the social and environmental embeddedness of economic decisions to

construct an economy that simultaneously enables prosperity and protects nature.

As these aims are interlinked and thrive from each other, conventional empirical

studies fail to provide the necessary all-encompassing overview. This thesis ad-

dresses these shortcomings by applying regression techniques beyond the mean to

unpack the complexity of interlinked poverty dimensions and sustainability goals.

Family care needs to be done in order to secure basic needs of the household

members beyond market substitutes. All around the world women do the vast

share of household work and care. Societal norms assign unpaid work to women

and paid work to men and thereby institutionally consolidate gendered divisions

of labor. This leads to complex circular linkages between unpaid responsibilities

and labor market outcomes for women, shaping gendered poverty and inequality.

Time-use is yet another important but often a hidden aspect to gendered poverty

and economic inequality. The recent Covid-19 pandemic brought this matter to the

forefront of global debates, which showed that different forms for, mostly unpaid,

care keep the economy running. Understanding the way individuals distribute

time between leisure, paid and unpaid work aids the development of strategies to

lift people out of poverty. This thesis adds to the debate, by discussing the need

of unpaid work and its relevance for gendered poverty.

Bivariate time and income poverty analysis unfolds new insights into the persis-

tence of and vulnerability to poverty by capturing their interdependence. Common

multidimensional poverty assessments as well as bivariate time and income poverty

measures make either use of separate univariate approaches or summarize poverty

dimensions into one measure. Thereby, they hide distributional aspects of poverty

and the interconnected nature of its dimensions. This thesis develops a bivari-

ate relative poverty line, based on the joint distribution of leisure and income,

which facilitates to unpack heterogeneous patterns of poverty at the intersection
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of gender and ethnicity. Distributional copula models provide additional insights

on vulnerability to poverty by analysing the dependence structure between income

and leisure.

Time and income poverty measures are essential for our understanding of gendered

poverty. Current approaches are based on different definitions and assumptions.

They differ in their treatment of time and income measures, assumptions on sub-

stitutability between time and money, definition of thresholds and unit of analy-

sis. Understanding these differences shows that a comprehensive time and income

poverty measure needs to take into account necessary minima of leisure, unpaid

work and money as well as their substitutability.

Finally, global goals on social and ecological sustainability are interconnected. In

order to better explain the complexities of existing interlinkages, we need to move

beyond linear regressions, which only focus on the mean outcome. Distributional

copula models shed light onto such heterogeneous dependence structures between

carbon emissions and income inequality, which vary with different macroeconomic

settings. The conditional joint distribution allows estimations of potentials for

countries to be in a socially and environmentally sustainable space.

The remainder of the introduction provides an overview of the chapters and is

structured as follows: Section 1.2 shows the relevance of time measures for poverty

and inequality and the necessity to investigate sustainability and inequality to-

gether to achieve a sustainable future. A special focus is the discussion of issues

related to survey design and over counting in the time-use data employed in Chap-

ters 2 and 3. Section 1.3 provides an accessible introduction to regression beyond

the mean used in Chapter 3 and 5. Section 1.4 summarizes the chapters of this

dissertation and authors’ contributions.

1.2 Poverty, inequality and sustainability

Sustainability comprises different dimensions in the ecological, economic and social

sphere. These dimensions are interlinked and are mutually dependent on each

other. Already the Brundtland (1987) report points out that sustainability means

to meet the needs of the present generation without hampering the needs of future
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generations. Particularly the poor need special attention to meet their needs, as in

a world with endemic poverty, ecological sustainability is impossible. These needs

have to be met within environmental limits. The Sustainable Development Goals

reinforce the necessity to provide prosperity for the current and future generations

while protecting nature. Since the new global agenda is universal and all goals are

interlinked, the achievement of one goal is also important to reach any other goal.

These goals include gender equality, reducing inequality and end poverty in all its

forms next to climate action (UN, 2016).

In light of stagnating or regressive reduction in gender inequality, it is time for a

stronger focus on strategic gender needs. Norms and values form societies in the

public and in the private sphere by influencing the bargaining power of men and

women in the household (Klasen, 1993; Klasen and Lahoti, 2021). The literature

differentiates between strategic and practical needs. For women, strategic needs

focus on strengthening their bargaining position in the household, while practical

needs focus on welfare-related issues. A stronger bargaining position results in

a greater access to and share of household resources. Thereby, strategic needs

touch the causes of gender inequality, rooted in the strategic position of women in

family and society. Three aspects are at the core to change women’s well-being:

intra-household bargaining, breakdown position – i.e. fall back option of women

when leaving the marriage – and perceived contributions and interests of women

(Moser, 1989; Klasen, 1993). However, common poverty approaches barely look

at the roots of gendered poverty, which are linked to time-use aspects. Rather,

conventional poverty assessments often consider income as the sole metric and

have only recently started to move to multidimensional poverty measures.

Univariate assessment of deprivation dominates the poverty literature. The World

Bank sets the international poverty line at 1.90 Dollar (in 2011 PPP exchange

rates) (World Bank, 2021). This univariate measure hardly reflects the minimum

necessary resources for a life in dignity for the world’s most deprived (Hickel, 2017).

Many countries follow the approach of a basic food basket that provides the average

calories needed to calculate the countries income poverty levels, such as Mexico

(CONEVAL, 2020). Absolute measures do enable international comparisons but

abstract from regional differences and changes in time. However, income poverty
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alone barely accounts for a life in deprivation.

Multidimensional poverty measures aim to improve the definition of poverty, which

is argued to be multidimensional in nature. Accordingly, as income is considered

only a means to achieve functionings and to make use of opportunities in life,

it does not provide a comprehensive metric to grasp, understand and tackle ac-

tual poverty. Therefore, multidimensional poverty measures additionally consider

health, education and standard of living. International measures are further ad-

vanced for regional differences by adding tenure, schooling gap, an employment

indicator and a social protection indicator (Alkire et al., 2015; Santos and Vil-

latoro, 2018). None of the above mentioned measures take time-use into account

although it is an important resource to sustain the well-being of households and in-

dividuals and is particularly relevant to understand gender inequalities and female

poverty.

Bidimensional time and income poverty measures attempt to get to the core of

gendered poverty. All these approaches consider income next to at least one time

measure, be it leisure, paid, unpaid work or the sum of the latter. As everyone

needs leisure, unpaid as well as paid goods, measures that do not account for all

three aspects fall short in providing comprehensive insights into time and income

poverty.

Unpaid tasks can be divided into indirect, direct and supervisory care. Indirect

care refers to household chores like laundry, cleaning and cooking. Face-to-face

tasks are direct care, while on-call or over watching activities refer to supervisory

care. Supervisory care is often exercised along with other direct or indirect tasks

and is thus understood as a responsibility rather than an activity (Folbre, 2018).

As this research is in its infancy, it lacks common approaches and instruments to

provide a robust measure that accounts for simultaneous tasks. In this thesis, I

use different time-use datasets to approach instruments to measure time poverty.

1.2.1 Time-use data

Time-use data provide an instrument to construct objective and subjective mea-

sures of time for paid work, unpaid work and leisure. However, each of these
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measures is sensitive to the form of the data collected, which are either diary data

or activity lists. The former recalls activities on a rolling basis over a certain time

period, often a day, while the latter describes a questionnaire on different activities

that an interviewee recalls to an interviewer often for the last week. Diary data can

provide information on simultaneous activities, but often falls short in reporting

supervisory care, for example over-watching children, while doing something else.

In contrast, activity lists often account for supervisory care but complicate the

detection of simultaneous work (Folbre, 2009, 2021).

For Mexico, which is the country under investigation for the poverty analyses, the

Mexican National Institute of Statistics and Geography (INEGI) provides different

forms of activity lists to measure time-use. For this reason, I compare three differ-

ent Mexican data sets in this thesis: the 2014 National Time-Use Survey (ENUT),

the 2014 Mexican National Occupation and Employment Survey (ENOE) and

the 2018 Mexican Mexican National Survey of Households, Income and Expenses

(ENIGH).

To analyze labor market outcomes in relation to time-use, this thesis utilizes the

2014 ENOE, which includes a short activity list on different unpaid work tasks and

information on the employment status of the household members (INEGI, 2016).

In contrast, the 2018 ENIGH provides additional information on leisure. The most

detailed survey on time-use is the ENUT. This survey design provides information

on supervisory care and a detailed list of direct and indirect care activities (INEGI,

2019). The lack of information on employment and simultaneity of activities makes

this sources unsuitable for the underlying research question. However, comparing

the time-use estimates of the ENOE and ENUT supplements the analysis for a

better understanding of time-use.

The ENIGH provides necessary information for the development of the bivariate

relative poverty line. It includes information on expenditures as well as a short ac-

tivity list. The ENIGH therefore allows to specify an individual measure of income

inequality, based on the expenditure shares in the household for men and women.

Further, it provides information of time for leisure for each household member by

reporting measures of time the individual enjoys (INEGI, 2020). Further discussion

5



on time-use measures and the data sets are provided in the according chapters.

Distributional aspects and the strength of dependence matter to understand

poverty, inequality and sustainability. It is therefore essential to move beyond

the common indicators of poverty, which use either unidimensional measures or

indices as a response variable (Bourguignon and Chakravarty, 2003; Alkire and

Foster, 2011; Anand and Sen, 1997). This calls for a more complex model

provided by bivariate distributional copula models, which examine the effect of

the covariates on the distribution as well as on the dependence structure.

1.3 Beyond the mean

If we are willing to understand and tackle issues on sustainability and poverty thor-

oughly, our assessments need to go beyond the mean, not least to grasp other com-

mon determinants between them. Even though the interlinked nature of poverty

dimensions and sustainability goals is acknowledged, statistical applications are

lacking to quantify their reciprocity. The commonly used head-count ratio and the

income gap ratio, for example, do not take into account distributional aspects of

poverty, which permits to identify and quantify poverty in different contexts (Sen,

1976). Therefore, the underlying analysis focuses on distributional aspects and

bivariate relationships to better account for the interlinkages of different poverty

dimensions and sustainability goals. Distributional copula models allow us to

quantify the relationship between two dependent variables, conditioning on influ-

encing factors. They further permit a quantification of the probability that two

indicators fall below a joint threshold. Thereby, we can specify a space for social

and environmental sustainability, as well as a bidimensional threshold area for

poverty, which can be further advanced into a bivariate relative poverty line.

1.3.1 Linear mean regression

To assess poverty and sustainability empirically, researchers predominantly use

classical univariate statistical models from the generalized linear model (GLM)

framework. These models examine the impact of covariates on the mean of the

response variable. To correctly apply these models, the distribution of the re-
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sponse variable must be a member of the exponential family (Fahrmeir et al.,

2013). The GLM models use the maximum likelihood method to estimate the

parameters, which requires an assumption on the distribution of the error term.

Under the assumption of normally distributed error terms, the maximum likeli-

hood estimator equals the commonly applied and known ordinary least squares

estimator (Faraway, 2006; Fahrmeir et al., 2013). If the assumptions for the ordi-

nary least squares estimator are met and the error term is assumed to be normally

distributed, this method is preferably applied in empirical work. In a simple case,

one would like to know the effect of the Variable 2 (Z2) on the outcome Variable

1 (Z1), which is commonly noted as

Z1 = β0 + β1Z2 +
K∑
k=2

βkxk + ε (1.1)

with β0 as the intercept, β1 is the associated regression coefficient for Variable 2

and x2, . . . , xn being other explanatory variables with the associated regression co-

efficients β2, . . . , βn. The error term ε is assumed to be independent and identically

distributed. These models estimate the effect size in one direction but leaves aside

information on the rest of the distribution. Hence, these models do not take into

account aspects related to location, scale and shape of the distribution, specified

by different moments such as the variance. However, distributional aspects may

vary with the covariates. If that is the case, GLM methods can lead to wrong

interpretations of the statistical significance and the economic relevance of the

variable (Kneib, 2013).

1.3.2 Distributional copula regressions

To allow an analysis that goes beyond the mean of the dependent variable, research

needs to take distributional aspects of the dependent variable into account. The

group of distributional regression models includes quantile regression, expectile re-

gression and generalized additive models for location, scale and shape (GAMLSS).

This thesis makes use of GAMLSS models as they provide a framework to flexibly

model parameters of the response distribution in relation to regression predictors

(Stasinopoulos et al., 2017). Instead of estimating solely the effect on the mean
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outcome, this model framework includes other moments such as the variance. This

gets particularly relevant if the researcher is interested in cases at the margin of

the distribution, as it is precisely the case with poverty analyses. If the variance

of one individual, given certain characteristics, varies more than that of another

individual, it provides information about vulnerability to poverty. Distributional

regression makes it possible to estimate the effect of covariates on the parameters

of the distribution showing a more diversified picture of the relationship between

covariates and the outcome variable (Kneib, 2013; Kneib et al., 2021).

Copula models provide a comprehensive approach to analyze the interdependence

of poverty and sustainability indicators. Linear regressions do not take into account

the interdependence of the two variables but focus on one effect direction. Copula

models analyze the strength of dependence between two variables, without stating

a sole causal link. Copulas describe the distribution between two variables, showing

the structure of their dependence. To examine the relation to other covariates,

this thesis incorporates GAMLSS models into copula regression. By allowing for

distributional effects, the copula may exhibit asymmetries in the structure of the

dependence. These asymmetries make it possible to identify vicious cycles, which

are of particular interest in poverty analysis or in the relation between income

inequality and carbon emissions.

In this thesis applies copula models with a bidimensional response vector to inves-

tigate the following questions. First, how are leisure and income interconnected

and how does poverty get reflected in them? Second, what are the intrinsic interde-

pendencies between income inequality and carbon emissions? With copula models,

the covariates can be related to the response components as well as their depen-

dence structure. This means that the regression effect on the separate dependent

variables in the response vector as well as their interdependence are conditioned on

the explanatory variables. The bivariate cumulative distribution function models

the joint distribution of two variables utilizing copulas as the mathematical tool

to separate the marginal distributions from the dependence structure as specified

in Equation 1.2.
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F1,2(Z1, Z2) = C(F1(Z1), F2(Z2)) (1.2)

with the copula function C(·, ·), F1(Z2) the marginal distribution of Variable 1

and F2(Z2) the marginal distribution of Variable 2 defined by GAMLSS specifi-

cations (Marra and Radice, 2017; Klein et al., 2019). Figure 1.1 illustrates the

distributional copula analysis.

Figure 1.1: Illustration of the dependence structure in the copula model

1.3.3 Interpreting the results

Different quantities and visualizations facilitate the interpretation of distributional

copula models. To allow an economic interpretation of the results, this thesis makes

use of various methods.

Kendall’s τ

Measures of association facilitate the economical interpretation of the copula pa-

rameter. In economic research the correlation coefficient is commonly used in

cases of linear dependence. To take into account the copula structure, with poten-

tially nonlinear dependencies, non-parametric association measures are required.

Kendall’s τ is such a measure of association, which varies between [−1, 1] (Nelsen,

2006). Each observation exhibits an individual Kendall’s τ , based on its specific

characteristics. Additionally, average marginal effects represent the sample aver-

age of marginal effects, i.e. the effect when one regressor changes by one unit,

keeping all other variables constant.

Contour plots

Contour plots permit the visualization of the structure of the dependence between

two variables. They can either be plotted for the mean or for specific covariate
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combinations, conditioned on specific parameter predictions. Figure 1.2 illustrates

possible contour lines for the relationship of two variables.
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Figure 1.2: Contour plot examples for an asymmetric dependence in the left panel
and an independent distribution of Variable 1 and 2 in the right panel.

The right panel in Figure 1.2 shows an independent relation between Variable 1

and Variable 2. The left panel shows asymmetric dependence, suggesting a higher

dependence in the lower tails of the distribution. Relating Variable 1 and Variable

2 to poverty or sustainability measures, the dependence structure can shed light

on vicious cycles. For example, reducing one poverty measure such as leisure leads

to a stronger reduction in another poverty measure such as income, making it hard

to get out of the joint leisure and income poverty area. Depending on the copula

specification and the marginal distributions, the shape can vary and rotate. Thus,

contour plots facilitate the interpretation of the direction/rotation, location and

asymmetries/tail dependence of the conditional association of two variables.

Threshold areas and joint probabilities

To analyze persisting poverty or potentials for a sustainable future, probabilities

of falling into the joint lower area of Variable 1 and Variable 2 become relevant.

By specifying unique thresholds for Variable 1 (V10) and Variable 2 (V20), the

overlapping space defines the absolute bidimensional area (grey area) illustrated

in Figure 1.3. In this thesis, this overlapping area is specified in two ways: as the
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bidimensional absolute leisure time and income poverty space in Chapter 3 and

as the potentially socially and ecologically sustainable space in Chapter 5. Distri-

butional copula models estimate joint probabilities of falling into this joint space,

which can determine the likelihood of being bidimensional poor or (for countries)

of being in the potentially environmentally and socially sustainable space.

Figure 1.3: Thresholds

Bidimensional relative poverty line

The bivariate relative poverty line (BRPL) introduced in Chapter 3 builds up on

the intersecting threshold approach to specify a poverty line for time and income

poverty. Unlike the intersecting threshold approach, the BPRL takes the strength

of dependence between income and time into account. The stronger the depen-

dence, the further it bends from the intersecting point of the separate thresholds.

The margins of the line are asymptotic to the separate quantile thresholds of leisure

and income. If income and leisure are not correlated, the BPRL would fall on the

separate thresholds as in Figure 1.4 (represented by the blue threshold lines in

Figure 1.3 and 1.4) but would never be below them. Thus, the greater the de-

pendence, the more likely separate poverty measures miss those at the margin of

the bidimensional distribution, i.e. their combination of income and leisure time

deprives them of being part of a well-being standard in society.

The bidimensional relative poverty line represents a set quantile level of the joint

distribution between income and leisure. Figure 1.4 illustrates an example for

constructing the BRPL for a relative poverty level of 20 percent, which is likewise

the quantile level. If we take 100 observations, then 20 observations are in the

quadrant below each point on the line (n quant=20). Thus, individuals on the
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Figure 1.4: Bidimensional relative poverty line for leisure time and income

line are relatively poor compared to those within their absolute thresholds. As

we consider separate threshold for each point on the line, in total more than 20

percent may be below the BRPL, depending on its proximity to the intersection

of the two absolute poverty thresholds.

1.4 Summaries of contributing articles

1.4.1 It needs to be done: gender differences in the rela-
tionship between unpaid work and employment sta-
tus in Mexico

The article is printed in full length in Chapter 2.

This chapter explores gender differences in the reciprocal causality of unpaid work

and employment status (unemployment, informal and formal employment). Some

minimal level of family care must be provided, as it represents a basic need. I

argue that social norms consolidate labor division at home, resulting in a complex

process of reciprocal causality, which traps women into specialization in caregiving.

The interplay of norms, statistical discrimination and bargaining power leads to

institutional consolidation of an unequal gendered division of labor. In particular,

this labor division assigns inflexible unpaid work primarily to women and paid
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work primarily to men. Inflexible work is here understood as those tasks that have

to be performed at a given and unavoidable point in time and, as such, cannot

be rescheduled, such as childcare. This chapter quantifies gender differences in

the interrelation between paid and unpaid work by incorporating an interaction

term into a sequential logit model. It further quantifies gender differences in the

types of unpaid work that women and men perform, arguing that in particular

the inflexibility of unpaid work channels women into low-productivity and flexible

informal jobs. I identify a sizable and significant gender-based difference in the

trade-offs between unpaid and paid work by using data from the 2014 Mexican

National Occupation and Employment Survey (ENOE).

1.4.2 A bivariate relative poverty line for time and income
poverty: detecting intersectional differences using
distributional copulas

Dorn, F., Radice, R., Marra,G. and Kneib, T.. The article is printed in full

length in Chapter 3.

In this chapter, we develop a bivariate relative poverty line (BPRL) for income

and time, extending the debate on bidimensional time and income poverty by

taking into account their joint distribution and showing that the strength of their

dependence influences the level of poverty. Setting a bivariate relative poverty

level unravels patterns of poverty concealed by joint absolute leisure and income

poverty approaches: first, it captures an increase of 18 percentage points in the

joint poverty rate; second, it provides a more diversified picture at the intersection

of gender and ethnicity. To analyze vulnerability to such bidimensional poverty we

incorporate distributional regression into copula models. These models uncover a

more complex and diversified picture than offered by standard approaches. Results

show that educational level and number of children intensify the vulnerability to

bidimensional poverty for women but not for men. While indigenous mothers are

more vulnerable to absolute poverty, low educated non-indigenous mothers are

more vulnerable to relative poverty above absolute thresholds.

Contributions of the authors
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I initiated the idea and was responsible for preparing the data, developing the

theoretical foundation, empirical strategy and the quantitative analysis. I wrote

the draft of the whole paper and was responsible for alterations made to the

manuscript. Thomas Kneib developed the mathematical tool for the bivariate

relative poverty line and supported the development of the paper by proofreading

with in-depth discussion on the statistical methods. Giampiero Marra and Rosabla

Radice provided the GJRM package for the distributional copula model, helped

with technical issues and proofread the paper.

1.4.3 Money, unpaid work and leisure: the challenges of
measuring time and income poverty

The article is printed in full length in Chapter 4.

Different approaches have been developed to conceptualize time and income

poverty, which are based on different definitions and assumptions. In this chapter

I provide a critical analysis of the approaches developed by Vickery (1977),

Bardasi and Wodon (2010), Zacharias et al. (2012) and the approach developed

in Chapter 3 by Dorn et al. (2021). The comparison focuses on differences in the

treatment of income, time poverty, unit of analysis and substitutability between

time and money. It shows that an all-encompassing approach to understand time

and income poverty needs to provide accurate measures and necessary minima of

income, time devoted to unpaid work and leisure as well as an analysis of

substitutability among these determinants.

1.4.4 The nonlinear dependence of income inequality and
carbon emissions: potentials for a sustainable future

Dorn, F., Maxand, S. and Kneib, T.. The article is printed in full length in

Chapter 5.

Imperatives to decrease both carbon emissions and income inequality (particu-

larly as both affect poor and vulnerable populations) represent interconnected

challenges. In this chapter, we discuss some of the multiple channels that drive

the interdependence of carbon emissions and income inequality. Concretely, we
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evaluate consumption, energy source, the structure of the economy and political

systems. By using distributional copula models, we disentangle the complex rela-

tionship between carbon emissions and income inequality. The distribution of the

association between GDP, democracy level, fossil energy share and service sector

with the relationship between income inequality and carbon emissions allows to

calculate probabilities of falling into a space of potential social and environmental

sustainability. Only when adjusting multiple channels, such as reducing the share

of the service sector and fossil fuel energy, different countries see potentials for a

sustainable future.

Contributions of the authors

I was responsible for preparing the data, developing the empirical strategy and the

quantitative analysis. I was mainly responsible for the theoretical foundation, the

structure of and writing the draft as well as alterations made to the manuscript. I

initiated the research idea. I worked in regular exchange with Simone Maxand on

the structure, content and theoretical foundation of the paper. Simone improved

the manuscript by proofreading, revising and rewriting certain parts. Thomas

Kneib supported the development of the paper by proofreading and in-depth sta-

tistical discussion.
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2 It needs to be done: gender differ-
ences in the relationship between un-
paid work and employment status in
Mexico

Abstract

Family care must be provided, no matter what; it represents a basic
need, rather than a contingent, or price-sensitive demand. Norms and sta-
tistical discrimination lead to institutional consolidation of gendered labor
division at home, assigning inflexible unpaid work to women and paid work
to men. Estimates of the quantitative impact of time devoted to housework
and childcare on employment and earnings are vulnerable to criticism based
on endogeneity, since reduced opportunities in the labor market may en-
courage women to specialize in unpaid family care. This paper explores this
circular causality, explaining why it is difficult for women to challenge social
norms that assign them primary responsibility for family care. It quantifies
the gender differences in the types of unpaid work that women and men per-
form, and gender-based differences in trade-offs between unpaid and paid
work by mobilizing data from the 2014 Mexican National Occupation and
Employment Survey (ENOE).
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2.1 Introduction

Unpaid work needs to be done.1 Care provides for basic needs of dependents,

which are the least flexible. Social norms consolidate labor division at home. A

complex process of reciprocal causality traps women into being the caregiver of

last resort. Unpaid care responsibilities, in particular, often require fixed time

schedules, which contribute to gender gaps in outcomes and opportunities at the

labor market.

Conventional neoclassical research on gender division of labor focuses either on

efficiency or on gender-based differences in preferences. Efficient household division

of labor is determined by comparative advantages, with women specializing at

home due to their biological endowments as well as an altruistic tendency to assume

care responsibilities (Becker, 1981, 1993). This focus abstracts from lived reality

and the ability of couples to translate their biological predispositions into different

lifestyles to meet needs. Social norms influence this process of labor division, with

comparative advantage being a norm in itself.

Social norms can affect individual decisions in a variety of ways – imposing costs on

those who depart from convention, and/ or, directly shaping individual preferences.

Still, norms are not invulnerable to change – if they become more costly, people

become more willing to challenge them, as the level of non-conformity increases,

its costs also decline, though not always in a steady linear fashion. Certain norms,

however, are more resistant to change than others.

The gender division of labor in family care is a case in point. It seems quite resis-

tant to both cultural change and individual bargaining, perhaps because it involves

a reallocation of responsibilities that are individually costly. Once responsibility

for others has been accepted, it is difficult to relinquish. Unpaid work that is

temporally inflexible, such as childcare, requires strong commitments and results

in weaker bargaining positions and outcomes in the labor market.

Attention to relative bargaining power does not directly challenge explanations

based on relative efficiency, preferences, or norms, but rather supplements the role

1Unpaid work refers to unpaid activities that can, in principle, be assigned to a paid worker
(Reid, 1934). A more detailed definition is outlined in Section 2.3.
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of these factors, offering a more complex picture of reciprocal causality and insti-

tutional consolidation of an unequal labor division. The undervaluation of unpaid

work effects bargaining power of women, who also face statistical discrimination

in the labor market as a result of their expected family care responsibilities. This

channels them into flexible working arrangements often only available in the low-

productivity informal economy. Inflexible tasks mediate the relationship between

unpaid work and employment status, contributing to gender gaps in labor market

outcomes.

Even though empirical research may never be able to establish one-way causality,

it can help illustrate complex, circular linkages and the institutional consolidation

of gendered division of labor. A sequential logit model using interaction terms

accounts for the differences between men and women in the relationship between

employment status and unpaid work, which I disaggregate into care work, house-

hold work and errands/financial management. This analysis focuses on a country

where conservative gender norms remain powerful. Family care responsibilities

channel women in Mexico into flexible but poorly-paid informal employment. I

estimate a sizable difference between men and women in the relationship between

specific types of unpaid work and employment status, which is particularly related

with the type of unpaid work. The strongest difference arises in time spent on

childcare and housework. These tasks significantly increase the likelihood that

women will be informally employed, while errands/financial management exhibit

no gender difference.

The remainder of this paper is structured as follows: Section 2.2 lays out the

theory arguing for the importance of needs and norms in labor division. Section 2.3

describes the Mexican data. Section 2.4 introduces the statistical method. Section

2.5 discusses the results, showing a sizeable gender difference in the magnitude of

the relationship between unpaid work and employment. Section 2.6 concludes.

2.2 Theory

Family members need shelter and food as much as they need social connection and

care. These needs require certain types of work to be met. It needs physical and
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social connection to provide for others as much as paid work provide food and shel-

ter. Still, social norms understand work related to physical and social connection

as women’s moral duty. This may result in unequal access to market income and

bargaining power between caregiver and breadwinner, an old dichotomy model put

into question (Folbre and Nelson, 2000).

With labor division based on comparative advantages, neoclassical economists es-

tablished their own norm, which empirical research contradicts. Becker (1981,

1993) argues, as women specialize in unpaid work at home, they reduce their ef-

forts at the labor market, which explains differences in labor market outcomes.

However, empirical work rather finds that women’s effort in paid work is inde-

pendent of hours worked at home, while men reduce their allocation of effort to

paid work due to housework (Bielby and Bielby, 1988). Further, resources in the

household are not equally divided, contradicting the notion by Becker (1981) of

an altruistic household head (Klasen and Lahoti, 2021; Brown et al., 2021; Dorn

et al., 2021). Norms also shape employers preferences. Instead of arguing that dis-

crimination is costly for employers and therefore not beneficial, a whole literature

evolved around statistical discrimination: to adjudicate about the applicant em-

ployers often use stereotypes and statistical averages (Phelps, 1972; Tilcsik, 2021).

This underpins the social embeddedness of the economy and its inter-connectedness

to social norms.

Norms influence preferences and impose a price of non-conformity. Gender norms

assign earning a living wage for the family to the men, which results in higher

wages and job opportunities, while women stay home, resulting in lower outcomes

at the labor market. Empirical research vindicates the significant impact of cul-

tural norms. For example unpaid work division among immigrants in the USA is

more equal if the country of origin is more gender equal compared to countries

with higher gender inequality (Fernández and Fogli, 2009; Blau et al., 2020). An-

other study finds, that total work is more equally distributed if countries are more

egalitarian, based on a comparison between Mexico, Peru and Ecuador (Campaña
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et al., 2018).2 As women are expected to care for and rear children, their produc-

tivity and availability in the labor market gets underestimated. Other lifestyles

than becoming a mother might come with a high social cost, women may already

anticipate their unpaid work burden and invest less in their market skills (Goldin,

1986). Playing along with statistical discrimination they get trapped in unpaid

work and lower labor market outcomes.

Bargaining power is another mechanism in the consolidation of unequal labor divi-

sion. It supplements relative efficiency, preferences and norms resulting in an even

more complex picture of reciprocal causality. The inadequate valuation of unpaid

work does not only discriminate paid productive potential of caregivers, most often

women, but also leaves the not monetized value generated for society unconsid-

ered. This undervaluation influences bargaining power, by weakening the position

of the caregiver. A weaker bargaining position causes unequal access to resources

and lower labor market outcomes (Klasen, 1993; Folbre and Nelson, 2000; Klasen,

2019). These varying mechanisms force women back into and specialize in unpaid

work responsibilities.

To meet paid and unpaid responsibilities women often work longer total hours

than men. Although female labor force participation has risen in Latin America

women still do most of the unpaid work (Psacharopoulos and Tzannatos, 1992;

Sayer, 2005; Colinas, 2008; Antonopoulos, 2009; Antonopoulos and Hirway, 2010;

Miranda, 2011; Gasparini et al., 2015). With the rapid rise of female labor force

participation, total hours of work rose for women instead of a redistribution of

unpaid work taking place (Amarante and Rossel, 2018). Differences in the dis-

tribution of unpaid care work interrelate with differences in the labor force par-

ticipation, a higher share of part time work or vulnerable employment (Cassirer

and Addati, 2007; Ferrant et al., 2014). Thus, even though women engage more

in paid work, their unpaid responsibilities remain.

Not only hours spend on unpaid work but particularly their temporal organiza-

tion tighten gender differences in labor market outcomes. Duties such as errands

2Campaña et al. (2018) create a gender norms index based on the World Value Survey. More
egalitarian means a lower score on traditional gender norms associated with the male breadwinner
model (Campaña et al., 2018)
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are more time flexible than, for example, child care and food preparation, which

have to be performed at a continuous or regular basis, resulting in inflexibility

in time and location for employment (Bonke et al., 2004; Cassirer and Addati,

2007; Qi and Dong, 2016; Cubas et al., 2019). Becoming a parent affects the time

allocation of mothers more than fathers, increasing their hours of unpaid work

and also intensifying the need for family income. Flexible working conditions in

informal jobs enable some women to stay employed after motherhood (Berniell

et al., 2021). Particularly women from poor families have to take up any paid

employment to support their families, as a single income is often not enough to

survive (Antonopoulos and Hirway, 2010; Weisbrot et al., 2014).

To be able to combine unpaid work and paid work, women are in need of flexible

working arrangements which are predominantly available in the informal economy

(Folbre, 1994; Elson, 1999; Cunningham, 2001; Cassirer and Addati, 2007). In-

formal jobs often offer more flexibility, autonomy and geographical proximity to

home, attracting women who need to combine care responsibilities and paid work

(Cassirer and Addati, 2007; Rodin et al., 2012; Lopez-Ruiz et al., 2017). However,

as informal employment goes along with lower earnings and benefits as well as

higher risks, it often does not lift the employed out of poverty (Chen et al., 2004;

Rodin et al., 2012).

This is particularly relevant in countries like Mexico, where conservative norms

persist and decent jobs are scarce (Segrest et al., 2003; Pedrero Nieto, 2005; Weller,

2009). Qualitative and quantitative research show that women are concentrated

in these uncertain and flexible informal work arrangements (Cunningham, 2001;

World Bank, 2011; Rodin et al., 2012; Domı́nguez Villalobos and Brown, 2013;

Sánchez and Villarespe, 2017). Rodin et al. (2012) use 136 in-depth interviews

of poor working mothers in Mexico to analyze the reasons to choose informal

employment. They emphasize the importance of flexible working conditions for

low-skilled mothers, to provide for their children (Rodin et al., 2012). Likewise,

quantitative studies show the particular relevance of children in the household in

gender gaps in informal employment (Domı́nguez Villalobos and Brown, 2013). In

turn, paid work hours of Mexican women increase with an additional women and

decrease with children in the household (Sánchez and Villarespe, 2017).
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Quantitative research can help elucidate the relationship between unpaid and paid

work. However, no statistical tool can fully control for endogeneity or capture cir-

cular causality. Randomized control trials (RCT), the work horse of development

economics, seeks to identify causal links by comparing control and treatment group.

However, socioeconomic situations are not laboratories and many omitted variables

can come into play. The impact of social norms and interdependent preferences

is particularly hard to identify (Reddy, 2012; Kabeer, 2020). Instrumental vari-

ables (IV) can offer a means of addressing endogeneity problems. However, there

is no clear IV available for unpaid work, and, in any case IV specifications rely

on untested assumptions, such as lack of correlation between the instrument and

an unobserved error term (Maani and Cruickshank, 2009; Ponthieux and Meurs,

2015). While structural equation models allow the independent variables to be

dependent on a different set of variables, reverse causality remains difficult to

quantify. Seemingly unrelated regressions (SUR) refer to a linear regression model

with multiple separate outcomes, whose error terms are correlated (Fiebig, 2001).

Distributional copula models provide a more flexible version of the SUR model, by

allowing for other distributions and estimation on the effect size on the correlation

parameter. An application of distributional copula models to Mexican data shows,

that wage and leisure are stronger correlated for women than for men (Dorn et al.,

2021). However, none of them intents to identify reciprocal causal relationships

but rather investigates their association structure. As the main interest is the

difference in the reciprocal causality of paid and unpaid work for men and women

I use interaction terms between gender and tasks of unpaid work, which quantify

the gender gap. Therefore, this paper contributes to the quantitative analysis of

gender difference in the relationship between unpaid work and employment status

in Mexico by incorporating interaction terms into a sequential logit model.

2.3 Data

The fourth quarter of 2014 of the National Occupation and Employment Survey

(ENOE) forms the basis of the empirical investigations. The ENOE categorizes

people into two groups. The first group are economically active people, who are

either employed or unemployed. The second group are non-economically active
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people, who are either available or unavailable (INEGI, 2016). Considering these

two groups with people of age 14 and above – which is the legal working age in

Mexico (Weller, 2009), the sample consists of 298,746 individuals, of which 156,871

are women and 141,875 are men, representing 89,883,797 people of the Mexican

population above 14 years in and outside the labor force. The universe of Mexicans

in the labor force has 195,336 individuals in the sample, representing 57,910,653

individuals in the full population. Table 2.1 displays the distribution of men and

women within the employment categories.3

Table 2.1: Employment status by gender

Gender Unavailable Unemployed Informal Formal Total
Men 17.6% 7.7% 43.0% 31.7% 47.5%
Women 48.4% 10.7% 23.9% 17.0% 52.5%

The dependent variable employment status is divided into three categories, namely

unemployment, informal and formal employment. Unemployment incorporates

those who are defined unemployed by the ENOE as well as those defined as not

economically active but available for the labor market. People defined as available

are those who want or need to work but did not seek for a job for one month

or longer. Further, formal and informal employment comprises employees (payed

and non-paid), employers and self-employed (INEGI, 2010). According to this

definition 7.7 percent of all men and 10.7 percent of all women are unemployed.

People defined as not economically active as well as unavailable are predominantly

people who claim no need or desire to work or are people with disabilities. The

population defined unavailable for the labor market are 17.6 percent of all men

and 48.4 percent of all women. People stating they do not have the need or wish to

work4 are primarily students or people dedicating themselves to housework5. The

reasons are significantly different between women and men. While 74.4 percent of

unavailable women (which is 31.16 percent of all women) say they do not have the

need or desire to work and fully engage in housework, 18.6 percent of unavailable

3All empirical investigations are done using weights.
4Variable P2F: “No tiene necesidad ni deseos de trabajar.” (INEGI, 2015)
5Variable P2E has different options on reasons to be unavailable for the labor market. One is:

“Es una persona que se dedica a los quehaceres de su hogar?” (INEGI, 2015)
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women are students. In contrast 7.6 percent of all unavailable men (which is 1.07

percent of all men) say they do not have the need or desire to work and fully

engage in housework, while 55.4 percent of unavailable men are students. This

demonstrates reasons for women to stay away from the labor market and why

only one third of the economically active population are women.

Informal employment is defined as suggested by the Mexican National Institute of

Statistics and Geography, INEGI (2014). It is comprised of those employees who

operate in economic units not registered in the non-agricultural sector, production

modes formed by families who operate within the agricultural sector and those

employees who perform work which is not registered under any type of economic

activity. Family workers who get not paid in money are considered informal if they

work in economic units which are defined as informal. If they have no workers’

rights but contribute to the creation of products and services then they are as well

considered as informal (INEGI, 2014). In the overall population and within the

gender groups most are informally employed.

Unpaid work incorporates activities defined by Margaret Reid’s third party cri-

terion. This states that activities are counted productive if they can be carried

out by paid workers (Reid, 1934). Hence, the variable unpaid work includes non-

market activities such as care taking, errands/financial management, repair and

construction work, housework, accompaniment of household members to school or

the doctor and free services to the community (detailed description is in Table

A2.1). The variable is measured in hours spent on unpaid work last week. Fig-

ure 2.1 displays the distribution of hours spent last week on unpaid work. This

graphic visualizes that women spent more hours on unpaid work than men. While

hours spent on unpaid work peak between 0-5 hours for men, for women it peaks

at 20-25 hours. Table 2.2 displays a more detailed summary of the components of

unpaid work for women and men, respectively.

The data set queries unpaid work in a short activity list, subdividing it into seven

categories. Diary data is more comprehensive as it ideally records simultaneous

tasks. Participants are mostly asked to report one day. Activity lists, in contrast,

recall time spent on separate activities during a week (most often the previous
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Figure 2.1: Hours of unpaid work per week by gender
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week). This data generally does not give information on simultaneous tasks but

include supervisory care information mostly done secondary to another task. Su-

pervisory care is often unreported in diary data (Folbre, 2021). The ENOE neither

reports supervisory care nor simultaneous tasks (INEGI, 2015). Therefore, infor-

mation on unpaid work may over report the actual time spend on these activities.

Furthermore, the values computed may not be representative for certain categories,

as many tasks exhibit a large number of missing values (particularly those not done

on a regular basis, such as repair work, construction work and voluntary work).

The Mexican Time-Use Survey (ENUT) reports supervisory care and gives more

detailed categories for time-use (INEGI, 2019). The row unpaid work (ENUT) in

Table 2.2 reports the estimates for unpaid work subtracting supervisory care using

the ENUT data set. The estimates are smaller than for the ENOE suggesting

an over reporting of unpaid work in the ENOE data set. However, for both time

estimates women are doing a significantly higher share of unpaid work than men.
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Table 2.2: Summary statistics

Unavailable Unemployed Informal Formal

Women

Age 41.70 38.18 39.40 37.67
Education 8.32 8.73 8.67 12.53
Unpaid work 34.77 34.33 28.89 24.89
Care 21.92 19.37 17.31 16.49
Errands/financial management 3.51 3.19 3.31 3.26
Accompany 3.98 3.94 3.60 3.49
Construction 13.46 18.86 6.33 3.20
Repair work 4.92 4.52 3.71 3.77
Housework 23.50 24.02 19.86 16.45
Community work 6.58 6.93 5.64 5.51
Unpaid work (ENUT) 27.15 24.23 21.47 17.76

Men

Age 40.05 35.72 38.97 38.82
Education 8.87 9.42 8.17 11.52
Unpaid work 9.63 11.41 9.21 10.02
Care 11.62 12.41 9.26 10.11
Errands/financial management 2.70 2.47 2.73 2.84
Accompany 3.73 3.64 3.18 3.14
Construction 14.05 15.84 8.94 7.48
Repair work 5.15 5.54 3.89 3.46
Housework 7.16 7.93 6.03 5.79
Community work 9.48 7.52 6.25 4.81
Unpaid work (ENUT) 8.22 11.60 5.84 6.36

This table displays the summary statistics for the variables of interest for women and men.
Unpaid work accumulates all hours spent on unpaid work last week. The columns below subdivide
the different types of unpaid work and display the summary of hours spent on these duties last
week.

Due to more detailed information on employment status, this analysis uses the

ENOE. Depending on their employment status, women spend two to four times as

many hours on unpaid work than their male counterparts. The majority of hours

spent on unpaid work is dedicated to housework and care taking.
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The continuous variable education accumulates years spent on education. The

highest average education is amongst women and men in the formal economy.

Women in the formal economy have on average one more year of education than

men. The groups with the lowest average education are men in the informal sector

and unavailable women.

Another variable of interest is age, which is a continuous variable accumulating

years of life starting at age 14. Unavailable as well as informally employed women

are on average older than unemployed and formally employed women. In turn, un-

available and unemployed men are younger than informally and formally employed

men.

2.4 Methodology

The underlying hypothesis states that unpaid work has adverse effects on the

employment status of individuals. Supposedly those who spend more time on

unpaid work are more restricted in their time-use. These time restrictions channel

people into more flexible working arrangements, mostly represented in the informal

economy. As women primarily do inflexible unpaid work, it is expected that the

effect is more pronounced for women.

Figure 2.2: Employment tree

Individual
(1)

Employed
(2)

Formal Informal

Unemployed

The response variable employment status is categorical and exhibits a hierarchical

order. Individuals, who do not have the need nor desire to work, are outside the

labor force. Thus, I expect that the majority of people, especially women, who

enter the labor force want to work. Particularly people from poor households do

not have the resources to be unemployed until they found an employment they like
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(Weisbrot et al., 2014). Therefore, I argue that being unemployed comes first in

the hierarchical order before being employed. The sequential logit model accounts

for this hierarchical order. The model makes no assumption on the hierarchical

order between formal and informal employment. This first step of the sequential

model forms a logit model on employment and the second step forms a logit model

on informal employment. These stages are assumed to be conceptually distinct

and statistically independent. This means the transition of being unemployed or

employed is independent of being formally or informally employed. The sequential

ordering thus allows for category-specific effects (Liao, 2006). This leads to the

following regression specification:

P (y1 = Employed) = F (β0 + β1age+ β2age
2 + β3educ+ β4urban+

β5married+ β6gender + β7unpaid+ β8unpaid ∗ gender)
(2.1)

P (y2 = Informal) = F (γ0 + γ1age+ γ2age
2 + γ3educ+ γ4urban+

γ5married+ γ6gender + γ7unpaid+ γ8unpaid ∗ gender)
(2.2)

Based on the classical Mincer wage equation, I model the relationship between

employment status and age (age) by a quadratic polynomial and use a simple

linear term for education (educ) (Lemieux, 2006). I further include a dummy

variable for gender (gender), urban citizen (urban) and being married (married)

to account for potential differences between these groups. Based on the theory in

Section 2.2, I expect people who engage in unpaid work to be more restricted in

time inhibiting formal employment. Therefore, I include the continuous variable

hours of unpaid work (unpaid).

Other than separating the regression into male and female samples, an interaction

term allows to identify the difference in the marginal effects. As women primarily

do inflexible unpaid work I expect the association between hours spent on unpaid

work to be stronger for women than for men. This justifies the inclusion of an

interaction term between gender and unpaid work (gender∗unpaid) into Equation

2.1 and 2.2.
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To allow for varying differences in the marginal effects between men and women, I

desegregate unpaid work into childcare (childcare), errands/financial management

(errands/fin.man.) and housework (housework). As it was portrayed in the

summary statistics, women spend triple the time on housework and double the

time on childcare when compared with men. It is likely that in the particular

Mexican context, women are restricted in time and space to engage in certain

jobs, since they are bind to perform inflexible unpaid work. This means that while

duties such as shopping and repair work could be postponed to different points

in time, child care and food preparation have to be performed on a continuous

or regular basis (Qi and Dong, 2016). Construction, repair work, community

work and accompany household members are not included in the analysis, due to

insufficient observations. Childcare, errands/financial management and housework

are necessary on a regular basis, while errands/financial management and some

housework tasks can be easily shifted in time, childcare and other household tasks,

such as cooking, are more rigid in time. To allow for differences in these tasks and

between gender, I include these categories using interaction terms in Equation 2.3

and 2.4.

P (y1 = Employed) = F (β0 + β1age+ β2age
2 + β3educ+ β4urban+

β5married+ β6gender + β7childcare+ β8errands/fin.man.+ β9housework+

β10childcare ∗ gender + β11errands/fin.man. ∗ gender + β12housework ∗ gender)
(2.3)

P (y2 = Informal) = F (γ0 + γ1age+ γ2age
2 + γ3educ+ γ4urban+

γ5married+ γ6gender + γ7childcare+ γ8errands/fin.man.+ γ9housework+

γ10childcare ∗ gender + γ11errands/fin.man. ∗ gender + γ12housework ∗ gender)
(2.4)

Due to the issue of endogeneity between employment status and unpaid work, I

implement some sensitivity analyses. These analyses include number of children

between 0 and 5 years of age, as they will be in need of direct care restricting

formal employment. Further, I include number of children between 6 and 12 years
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of age, which may need less direct but more indirect and supervisory care and

number of additional female adults (age 14 and older) in the household, as they

support females in their unpaid responsibilities enabling more flexibility in their

job choice (Segrest et al., 2003). These variables replace unpaid work in Equation

2.1 and 2.2.

The probabilities for the three outcomes of the sequential logit model are derived

as follows:

P (y1 = Unemployed) = 1− P (y1 = Employed) (2.5)

P (y2 = Informal) = (P (y1 = Employed)) ∗ P (y2 = Informal) (2.6)

P (y2 = Formal) = (P (y1 = Employed)) ∗ (1− P (y2 = Informal)) (2.7)

2.5 Results and discussion

The results show statistical and economically significant differences between men

and women in the association between unpaid work and employment status. Es-

pecially different unpaid tasks drive the relationship. Table 2.2 already unveils no

big difference in doing errands/financial management, while childcare and house-

work show a big divide in hours between men and women. The regression analyses

show a particular difference in the relationship between these unpaid work tasks

and employment status between men and women. Table 2.3 displays the average

marginal probability for the logit regressions Equation 2.1 and 2.3 and Table 2.4

for Equation 2.2 and 2.4.

The logit results for being employed exhibit differences between men and women in

relation to unpaid work. Being female decreases the probability of being employed.

Without adding unpaid work (see model (1) Table 2.3), being female reduces the

probability of being employed by 10.8 percentage points.6 This effect reduces to 3.5

percentage points in model (2) for zero hours worked in unpaid work and holding

all other covariates constant, indicating that unpaid work describes a great share

of the gender divide. The interaction term, with a magnitude of 0.04 percentage

points, indicates that there is a statistical significant difference in the impact of

6All analyses refer to ceteris paribus (c.p.) interpretations.
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unpaid work on being employed for men and for women. The effect for men

is given by the coefficient of unpaid work. The probability of being employed

decreases for both, but the slopes are significantly different.7 Models (3) and (4)

in Table 2.3 support this notion. Having children increases the likelihood for men

to be employed, while it reduced the likelihood for women to be employed. The

interaction term is statistically and economically significant. An additional female

adult in the household in turn is positively associated with being employed.

The association between unpaid work and being employed varies with unpaid work

task. Childcare is significantly negatively related to being employed, with no sig-

nificant difference between men and women. In contrast housework exhibits a

negative relation to being employed and a significant difference between men and

women, leading to a less negative association for women. The stronger negative

association for men may be caused by reverse causality more than it is for women,

who are assigned the dominant share of unpaid work. Errands/financial manage-

ment, as a task that can be shifted in time, does not show a significant relation

with employment status, but a significant difference between men and women,

suggesting reverse causality for women.

Gender differences in informal employment are likewise associated with unpaid

work and its different tasks. The likelihood of women to be formally employed

reduces by 6.8 percentage points compared to men (see model (1) Table 2.4). This

association turns negative if unpaid work is included in the model. Thus unpaid

work likely explains parts of the association between informal employment and

gender differences. The statistically and economically significant magnitude of

the interaction term supports this notion. The gender difference amounts to 0.41

percentage points. While for women an additional hour in unpaid work is associ-

ated with an 0.47 percentage points increase in the likelihood of being informally

employed, for men it is 0.06 percentage points.

Different unpaid work tasks show a different relationship with informal employ-

ment between gender. This differs particularly with tasks that may be shifted

in time. While errands/financial management exhibit no gender difference in the

7As for any regression results, caused inference must be treated with great caution, in particular
since reverse causality may be an issue.
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association with informal employment, housework and childcare do, with house-

work showing the biggest difference and highest association with being informally

employed. The relationship between childcare and informal employment is in-

significant for men.8

The models controlling for number of children and additional adults in the house-

hold consolidate the notion that inflexible unpaid tasks channel women into infor-

mal employment. If children under 6 are living in the household the likelihood of

being formally employed for men and women increases. It additionally increases

with another female adult in the household. However, children between 6 and 12

increase the likelihood of being informally employed. Particularly tasks related

to child care of younger children are inflexible, as children have existential needs.

This might go along with women staying at home for very young children due to

a higher amount of direct care, while older children need more supervisory and

indirect care, which allows women to get into informal employment. To better

understand the mechanisms in this case, information on childcare are relevant.

This information is not reported in the 2014 ENOE. However, an additional fe-

male adult household member increases the likelihood of formal employment for

women, pointing at the help provided in childcare.

Specific case studies provide information on probabilities of falling into formal,

informal or unemployment. To account for the impact variation of the explana-

tory variables and to illustrate difference in the probabilities of being unemployed,

informally and formally employed I estimate examples for different covariate com-

binations.9 I select men and women who are 24 and 37 years old, which is the first

age quantile and the median age of the population, respectively. These years are

within the predominant child bearing and rearing years. I estimate probabilities

for 7 hours (median of men), 16 hours (first quantile of women), 28 hours (median

of women) and 43 hours (third quantile of women) worked in unpaid work per

week. Further, the sample only comprises the urban population with an education

8Separate analyses for men and women support the results on the varying association between
type of unpaid work and employment status. Tables A2.4, A2.2, A2.5, A2.3 show results for
women and men for being employed and being informally employed, respectively.
9The use of the logit link function in the sequential logit model implies that the effect of the

independent variable changes over the range of the variable (Winkelmann and Boes, 2006).
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Table 2.3: Marginal Average effects: employment logit regression 4 trimester 2014

Employed Employed Employed Employed Employed
(1) (2) (3) (4) (5)

Age 0.0209∗∗∗ 0.0227∗∗∗ 0.0203∗∗∗ 0.0204∗∗∗ 0.0239∗∗∗

(0.0003) (0.0003) (0.0003) (0.0003) (0.0008)
Age2 −0.0002∗∗∗ −0.0003∗∗∗ −0.0002∗∗∗ −0.0002∗∗∗ −0.0003∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Education 0.0042∗∗∗ 0.0029∗∗∗ 0.0046∗∗∗ 0.0045∗∗∗ 0.0050∗∗∗

(0.0002) (0.0002) (0.0002) (0.0002) (0.0005)
Urban 0.0051∗ 0.0011 0.0080∗∗∗ 0.0077∗∗∗ 0.0311∗∗∗

(0.0021) (0.0020) (0.0021) (0.0021) (0.0050)
Married 0.0048∗ 0.0256∗∗∗ 0.0006 0.0029 0.0039

(0.0019) (0.0018) (0.0019) (0.0019) (0.0038)
Female −0.1083∗∗∗ −0.0350∗∗∗ −0.0805∗∗∗ −0.0928∗∗∗ −0.0272∗

(0.0017) (0.0027) (0.0022) (0.0026) (0.0116)
Unpaid −0.0039∗∗∗

(0.0001)
Female x Unpaid 0.0004∗∗

(0.0001)
Child 0-5 0.0491∗∗∗ 0.0504∗∗∗

(0.0023) (0.0024)
Child 6-12 0.0198∗∗∗ 0.0202∗∗∗

(0.0019) (0.0019)
Female x Child 0-5 −0.0456∗∗∗ −0.0483∗∗∗

(0.0028) (0.0028)
Female x Child 6-12 −0.0207∗∗∗ −0.0214∗∗∗

(0.0023) (0.0023)
Adult Female −0.0085∗∗∗

(0.0017)
Female x Adult Female 0.0172∗∗∗

(0.0020)
Childcare −0.0021∗∗∗

(0.0005)
Errands/ 0.0048
Financial management (0.0025)
Housework −0.0119∗∗∗

(0.0007)
Female x Childcare 0.0006

(0.0005)
Female x Errand/ −0.0080∗∗

Financial management (0.0026)
Female x Housework 0.0043∗∗∗

(0.0008)
Num. obs. 162313 162313 155790 155790 31411
AIC 111719.9989 106900.4952 106755.2307 106661.7535 20448.9794
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05
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Table 2.4: Marginal Average effects: logit regression 4 trimester 2014

Informal Informal Informal Informal Informal
(1) (2) (3) (4) (5)

Age −0.0219∗∗∗ −0.0242∗∗∗ −0.0229∗∗∗ −0.0228∗∗∗ −0.0185∗∗∗

(0.0007) (0.0007) (0.0007) (0.0007) (0.0022)
Age2 0.0002∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗ 0.0002∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Education −0.0516∗∗∗ −0.0510∗∗∗ −0.0513∗∗∗ −0.0513∗∗∗ −0.0571∗∗∗

(0.0004) (0.0004) (0.0004) (0.0004) (0.0011)
Urban −0.2114∗∗∗ −0.2094∗∗∗ −0.2107∗∗∗ −0.2110∗∗∗ −0.1968∗∗∗

(0.0037) (0.0037) (0.0038) (0.0038) (0.0096)
Married −0.0462∗∗∗ −0.0626∗∗∗ −0.0497∗∗∗ −0.0522∗∗∗ −0.0431∗∗∗

(0.0033) (0.0034) (0.0034) (0.0035) (0.0078)
Female 0.0688∗∗∗ −0.0535∗∗∗ 0.0597∗∗∗ 0.0754∗∗∗ −0.1155∗∗∗

(0.0031) (0.0055) (0.0042) (0.0048) (0.0196)
Unpaid 0.0006∗∗

(0.0002)
Female x Unpaid 0.0041∗∗∗

(0.0003)
Child 0-5 −0.0099∗∗ −0.0121∗∗∗

(0.0030) (0.0031)
Child 6-12 0.0150∗∗∗ 0.0148∗∗∗

(0.0028) (0.0028)
Female x Child 0-5 −0.0029 0.0009

(0.0045) (0.0046)
Female x Child 6-12 0.0175∗∗∗ 0.0177∗∗∗

(0.0041) (0.0041)
Adult Female 0.0163∗∗∗

(0.0026)
Female x Adult Female −0.0253∗∗∗

(0.0036)
Childcare −0.0014

(0.0009)
Errands/ 0.0113∗∗∗

Financial management (0.0032)
Housework 0.0059∗∗∗

(0.0013)
Female x Childcare 0.0041∗∗∗

(0.0010)
Female x Errands −0.0030
Financial management (0.0037)
Female x Housework 0.0067∗∗∗

(0.0015)
Num. obs. 138310 138310 132835 132835 26360
AIC 134025.0217 133041.9922 129019.9890 128980.8963 22748.5438
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05
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of 9 years (median). These variable combinations cover the population expected

to be affected by care responsibilities. Table 2.5 displays the results for married

women and men and Table 2.6 for unmarried women and men.10

Table 2.5: Partial marginal effects for married women and men

24 years old 37 years old

Unpaid work Unemployed Informal Formal Unemployed Informal Formal
Women

7 0.13 0.48 0.39 0.06 0.43 0.52
16 0.17 0.49 0.34 0.08 0.46 0.47
28 0.24 0.50 0.27 0.11 0.49 0.40
43 0.34 0.47 0.19 0.17 0.52 0.31

Men
7 0.11 0.52 0.36 0.04 0.46 0.50
16 0.15 0.51 0.34 0.06 0.46 0.49
28 0.22 0.47 0.31 0.09 0.45 0.46
43 0.32 0.41 0.26 0.15 0.43 0.43

Partial marginal effects for married women and men of age 24 and 37 and 7, 16, 28, 43
hours spend on unpaid work per week.

Table 2.6: Partial marginal effects for unmarried women and men

24 years 37 years

Unpaid work Unemployed Informal Formal Unemployed Informal Formal
Women

7 0.16 0.51 0.32 0.07 0.48 0.45
16 0.21 0.52 0.27 0.09 0.51 0.40
28 0.28 0.51 0.21 0.14 0.53 0.33
43 0.39 0.46 0.15 0.20 0.54 0.25

Men
7 0.13 0.56 0.32 0.05 0.51 0.43
16 0.17 0.54 0.30 0.07 0.51 0.42
28 0.24 0.50 0.26 0.11 0.49 0.40
43 0.36 0.43 0.22 0.18 0.46 0.36

Partial marginal effects for unmarried women and men of age 24 and 37 and 7, 16, 28,
43 hours spend on unpaid work per week.

10Table A2.6 and A2.7 display results for the equivalent rural population.
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The likelihood of being informally employed increases with number of unpaid hours

worked and becomes the most likely situation for all women. Married women at

median age are most likely formally employed if they spend 7 or 16 hours on unpaid

work per week, while all other women are most likely informally employed over

the range of considered covariate combinations. On average, women in Mexico

give birth to their first child with 21.3 years (OECD, 2009). This goes along

with intensive needs for unpaid care work in the family which are considered

more rigid and therefore channel them into more flexible working arrangements.

Older married women, presumably have older children and therefore their unpaid

care responsibilities are more linked to indirect or supervisory care and are less

restricting in time-use. Single women are most likely solely responsible for unpaid

care work, which restricts them even more to engage in rigid formal jobs.

As men rarely spend more than 20 hours per week on unpaid work, unpaid work

seems to be insignificant in magnitude, according to partial effects. The proba-

bility of being informally employed decreases with the amount of hours spend on

unpaid work. In addition, the coefficient is small in magnitude, which leads to the

conclusion, that hours spend on unpaid work do not have a significant effect on

employment status for men. As men in Mexico are considered to be the breadwin-

ner and do on average less hours on unpaid work, reverse causality might rather

influence the results for men than for women as unemployed men might have more

time to engage in unpaid work.

Figures 2.3 and 2.4 visualize the results of the sequential logit model by displaying

the probabilities of being unemployed, informally employed or formally employed

over a range of 0 to 60 hours spent on unpaid work per week, all other characteris-

tics stay the same as specified for Tables 2.5 and 2.6.11 While Figure 2.3 displays

the married population, Figure 2.4 displays the unmarried population. The graph-

ics visualize the implications of Tables 2.5 and 2.6. Hence, the likelihood for women

of being informally employed increases with the amount of hours spend on unpaid

work. For men in the range of 0-20 hours no big change is visible in the likelihood

of being in either of the employment groups. As men rarely spend more than 20

hours on unpaid work per week, the focus should be on these probabilities.

11Figure A2.5 and A2.6 show the results for the rural population.
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Figure 2.3: Sequential logit graphs for married men and women
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Despite reciprocal causality these results support the theory that unpaid work in-

fluences women’s employment status, while it is reverse for men. The magnitude

is significantly different for men and women suggesting an economic relevance of

unpaid work for women and their labor market outcomes. These effects are in-

dependent of educational status and labor market experience (measured in age),

often used to explain different outcomes on the labor market. The qualitative

study of Rodin et al. (2012), which uses 136 in-depth interviews of specifically

poor women to choose informal employment supports these findings. They state

that women select informal employment due to a lack of flexibility in low-skilled

formal jobs. As Rodin et al. (2012) find 46 percent of the women in informal em-

ployment bring their children regularly or occasionally to work. These qualitative

and quantitative results for Mexico support the theory that inflexible work tasks

channel women into informal work to meet their responsibilities as caring mothers

and financially support the family.
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Figure 2.4: Sequential logit graphs for unmarried men and women
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2.6 Conclusion

The relationship between unpaid work and employment status varies significantly

between men and women. The gender difference amounts to 0.41 percentage points

per hour spend on unpaid work in association with informal employment and 0.04

percentage points per hour spend on unpaid work in association with employment.

The following example illustrates the magnitude of the gender gap. The likelihood

of being employed reduces by 9.8 percentage points for women with 28 hours of

unpaid work (median of women) and increases the likelihood of being informally

employed by 13.16 percentage points. In contrast, men spend 7 hours (median)

on unpaid work, which is associated with a 2.73 percentage point reduction in

being employed and a 0.42 percentage point increase in the relation to informal

employment. The difference for 28 hours between men and women amounts to 11.2

percentage points in being formally employed compared to a male counterpart.
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This illustrates the magnitude of the difference, showing barely any impact for

men and a significant difference between gender.

The difference is driven by the composition of unpaid work tasks. The relationship

between unpaid work and employment status varies with childcare, housework and

errands/financial management. While childcare and certain housework tasks are

more rigid in time, restricting the flexibility in job choice, one can accomplish er-

rands/financial management on a more flexible basis. There is barely a difference

in hours spend on errands/financial management between men and women, while

women do the lion’s share on childcare and housework. Qualitative research on

Mexico shows that rigid care work tasks especially channel women into informal

employment (Rodin et al., 2012). The results of this paper support the qualitative

findings as gender differences in the relationship of childcare and informal employ-

ment as well as housework and informal employment are large in magnitude – 0.41

percentage point for each hour in childcare and 0.67 percentage points for each

hour on housework – while hours spent on errands/financial management exhibits

no statistical significant gender difference.

Further analysis on the relationship between the composition of unpaid work and

informal employment is necessary to understand the drivers of gender differences

in labor market outcomes. The quantitative results of this study and the qualita-

tive findings of Rodin et al. (2012) coincide but leave the composition of unpaid

work in broad categories. Time-use data such as the ENUT provide more de-

tailed categories on unpaid work tasks but identifying simultaneous tasks on the

disaggregated level remains difficult.

In Mexico, where the picture of the breadwinner father and supportive mother

still persists, it is crucial to understand the relation between unpaid work and

labor market outcomes to eradicate poverty. The results of this analysis support

the assumption that inequalities in unpaid work, shaped by social norms, harm

women labor market outcomes in Mexico. In order to empower women and make

it possible for everyone to obtain decent work and fight poverty in all its forms, it

is pivotal to understand the relationship between the composition of unpaid and

paid work.
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2.A Appendix

Table A2.1: Unpaid work variables

Variable Explanation
(Code)

Care taking Free exclusive care taking of kids,
(P9 H2) elderly, handicapped, ill persons

Errands/financial management Do errands, account keeping,
(P9 H3) make transactions, provide security

Accompany household members Bring a household member to
school, the doctor or other activities

(P9 H4)
Construction Construct or enlarge residence
(P9 H5)

Repair work Repair or keep up your residence,
(P9 H6) furniture, electric devices or vehicles

Housework Hours dedicated to housework
(P9 H7) (wash, iron , prepare food, sweep)

Community work Provide free services to your
(P9 H8) community (get pantries,

care for people in the hospital)
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Employed Employed Employed Employed
Age −0.0306∗∗∗ −0.0264∗∗∗ −0.0263∗∗∗ −0.0236∗∗∗

(0.0011) (0.0011) (0.0011) (0.0028)
Age2 0.0003∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000)
Education −0.0558∗∗∗ −0.0569∗∗∗ −0.0569∗∗∗ −0.0616∗∗∗

(0.0006) (0.0007) (0.0007) (0.0014)
Urban −0.1768∗∗∗ −0.1829∗∗∗ −0.1830∗∗∗ −0.1518∗∗∗

(0.0061) (0.0062) (0.0062) (0.0123)
Married 0.0184∗∗∗ 0.0468∗∗∗ 0.0475∗∗∗ 0.0193∗

(0.0050) (0.0050) (0.0051) (0.0095)
Unpaid 0.0043∗∗∗

(0.0001)
Child 0-5 −0.0155∗∗∗ −0.0157∗∗∗

(0.0035) (0.0036)
Child 6-12 0.0271∗∗∗ 0.0271∗∗∗

(0.0031) (0.0031)
Adult Female 0.0017

(0.0024)
Childcare 0.0026∗∗∗

(0.0004)
Errands/ 0.0085∗∗∗

Financial management (0.0019)
Housework 0.0119∗∗∗

(0.0005)
Num. obs. 64376 61605 61605 17524
AIC 57907.0064 56180.8577 56181.8544 14516.2899
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05

Table A2.2: Logit regression employed women 4 trimester 2014
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Informal Informal Informal Informal
Age −0.0306∗∗∗ −0.0264∗∗∗ −0.0263∗∗∗ −0.0236∗∗∗

(0.0011) (0.0011) (0.0011) (0.0028)
Age2 0.0003∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000)
Education −0.0558∗∗∗ −0.0569∗∗∗ −0.0569∗∗∗ −0.0616∗∗∗

(0.0006) (0.0007) (0.0007) (0.0014)
Urban −0.1768∗∗∗ −0.1829∗∗∗ −0.1830∗∗∗ −0.1518∗∗∗

(0.0061) (0.0062) (0.0062) (0.0123)
Married 0.0184∗∗∗ 0.0468∗∗∗ 0.0475∗∗∗ 0.0193∗

(0.0050) (0.0050) (0.0051) (0.0095)
Unpaid 0.0043∗∗∗

(0.0001)
Child 0-5 −0.0155∗∗∗ −0.0157∗∗∗

(0.0035) (0.0036)
Child 6-12 0.0271∗∗∗ 0.0271∗∗∗

(0.0031) (0.0031)
Adult Female 0.0017

(0.0024)
Childcare 0.0026∗∗∗

(0.0004)
Errands/ 0.0085∗∗∗

Financial management (0.0019)
Housework 0.0119∗∗∗

(0.0005)
Num. obs. 64376 61605 61605 17524
AIC 57907.0064 56180.8577 56181.8544 14516.2899
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05

Table A2.3: Logit informal regression women 4 trimester 2014
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Employed Employed Employed Employed
Age −0.0306∗∗∗ −0.0264∗∗∗ −0.0263∗∗∗ −0.0236∗∗∗

(0.0011) (0.0011) (0.0011) (0.0028)
Age2 0.0003∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗ 0.0003∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000)
Education −0.0558∗∗∗ −0.0569∗∗∗ −0.0569∗∗∗ −0.0616∗∗∗

(0.0006) (0.0007) (0.0007) (0.0014)
Urban −0.1768∗∗∗ −0.1829∗∗∗ −0.1830∗∗∗ −0.1518∗∗∗

(0.0061) (0.0062) (0.0062) (0.0123)
Married 0.0184∗∗∗ 0.0468∗∗∗ 0.0475∗∗∗ 0.0193∗

(0.0050) (0.0050) (0.0051) (0.0095)
Unpaid 0.0043∗∗∗

(0.0001)
Child 0-5 −0.0155∗∗∗ −0.0157∗∗∗

(0.0035) (0.0036)
Child 6-12 0.0271∗∗∗ 0.0271∗∗∗

(0.0031) (0.0031)
Adult Female 0.0017

(0.0024)
Childcare 0.0026∗∗∗

(0.0004)
Errands/ 0.0085∗∗∗

Financial management (0.0019)
Housework 0.0119∗∗∗

(0.0005)
Num. obs. 64376 61605 61605 17524
AIC 57907.0064 56180.8577 56181.8544 14516.2899
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05

Table A2.4: Logit regression employed women 4 trimester 2014
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Informal Informal Informal Informal
Age −0.0192∗∗∗ −0.0202∗∗∗ −0.0200∗∗∗ −0.0082∗

(0.0009) (0.0009) (0.0009) (0.0033)
Age2 0.0002∗∗∗ 0.0002∗∗∗ 0.0002∗∗∗ 0.0001∗∗

(0.0000) (0.0000) (0.0000) (0.0000)
Education −0.0469∗∗∗ −0.0463∗∗∗ −0.0463∗∗∗ −0.0449∗∗∗

(0.0006) (0.0006) (0.0006) (0.0017)
Urban −0.2358∗∗∗ −0.2334∗∗∗ −0.2345∗∗∗ −0.2628∗∗∗

(0.0047) (0.0048) (0.0048) (0.0156)
Married −0.1266∗∗∗ −0.1327∗∗∗ −0.1344∗∗∗ −0.1608∗∗∗

(0.0045) (0.0047) (0.0047) (0.0131)
Unpaid 0.0006∗

(0.0002)
Child 0-5 −0.0030 −0.0056

(0.0031) (0.0031)
Child 6-12 0.0235∗∗∗ 0.0230∗∗∗

(0.0028) (0.0028)
Adult Female 0.0193∗∗∗

(0.0027)
Childcare −0.0016

(0.0009)
Errands/ 0.0107∗∗∗

Financial management (0.0031)
Housework 0.0052∗∗∗

(0.0013)
Num. obs. 73934 71230 71230 8836
AIC 75103.2680 72583.7157 72539.7276 8103.0558
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05

Table A2.5: Logit informal regression women 4 trimester 2014
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Table A2.6: Partial marginal effects for rural married women and men

24 years old 37 years old

Unpaid work Unemployed Informal Formal Unemployed Informal Formal
Women

7 0.13 0.66 0.21 0.06 0.64 0.31

16 0.17 0.65 0.18 0.08 0.66 0.27
28 0.24 0.63 0.13 0.11 0.67 0.22
43 0.34 0.57 0.09 0.17 0.67 0.16

Men

7 0.11 0.70 0.19 0.04 0.67 0.29
16 0.15 0.67 0.18 0.06 0.66 0.28
28 0.22 0.62 0.16 0.09 0.65 0.26
43 0.33 0.54 0.14 0.15 0.61 0.24

Partial marginal effects for rural married women and men of age 24 and 37 and 7,
16, 28, 43 hours spend on unpaid work per week.

Table A2.7: Partial marginal effects for rural unmarried women and men

24 years 37 years

Unpaid work Unemployed Informal Formal Unemployed Informal Formal
Women

7 0.16 0.67 0.17 0.07 0.68 0.25

16 0.21 0.65 0.14 0.10 0.69 0.22
28 0.28 0.61 0.10 0.14 0.69 0.17
43 0.40 0.54 0.07 0.21 0.67 0.13

Men

7 0.13 0.71 0.16 0.05 0.71 0.24
16 0.17 0.68 0.15 0.07 0.70 0.23
28 0.24 0.63 0.13 0.11 0.67 0.21
43 0.36 0.53 0.11 0.18 0.63 0.19

Partial marginal effects for rural unmarried women and men of age 24 and 37 and
7, 16, 28, 43 hours spend on unpaid work per week.
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Figure A2.5: Sequential logit graphs for married men and women in rural areas
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Figure A2.6: Sequential logit graphs for unmarried men and women in rural areas
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3 A bivariate relative poverty line for
time and income poverty: detecting
intersectional differences using distri-
butional copulas∗

Abstract

Empirical research on poverty today often goes beyond a focus on
income to consider other dimensions of well-being. However, relatively few
multidimensional poverty measures explicitly consider time, despite its
particular relevance to women’s double burden of paid and unpaid work.
We construct a bivariate relative poverty line between income and leisure,
based on their joint distribution in the population. Because the strength of
the dependence between income and leisure influences the vulnerability to
poverty, we incorporate distributional regression into copula models.
Utilizing the 2018 Mexican National Survey of Households, Income and
Expenses, we investigate differences in bidimensional poverty with respect
to gender and ethnicity. We find that the fraction defined as bidimensional
poor is 18 percentage points higher than the poverty rate computed from
separate time and income measures. Those below the relative but above
the absolute poverty line are primarily non-indigenous women whose
poverty is made visible by our approach.

∗This chapter is co-authored by Rosalba Radice, Giampiero Marra and Thomas Kneib.
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3.1 Introduction

Income alone cannot adequately define poverty. Available time for leisure is also

an important determinant of living standards. While a growing literature defines

poverty in multidimensional terms, it rarely includes leisure, despite its particular

relevance to women’s double burden of paid and unpaid work. Further, multidi-

mensional poverty indices usually summarize poverty dimensions into one measure

to calculate a univariate poverty threshold. Such indices obscure the intercon-

nected nature of leisure and income. The strength of this dependence can shed

light on differences in vulnerability to poverty at the intersection of gender and

ethnicity.

This paper constructs a bivariate relative poverty line for income and leisure based

on their distribution in the population. We share the motivation of previous ap-

proaches that incorporate measures of time-use into gender-sensitive poverty as-

sessment (Vickery, 1977; Bardasi and Wodon, 2010; Zacharias et al., 2012; Merz

and Rathjen, 2014). We define the bivariate relative poverty line as a specific quan-

tile of the joint leisure and income distribution of the population. This approach

avoids the need to reduce bidimensional poverty measures to scalar poverty indices

and allows for different units of measurement as well as nonlinear substitutability.

To capture the conditional dependence between income and time poverty, we de-

velop an applied distributional copula model. Copulas provide a convenient math-

ematical tool for modeling the joint distribution of leisure and income. Distri-

butional aspects can unveil persistent poverty caused by a higher strength of the

dependence at lower levels of income and leisure. We expect differences in this

dependence between income and leisure by gender and ethnicity.

We illustrate our model using data from the 2018 Mexican Survey of Households,

Incomes and Expenses (ENIGH), which provides a rich household dataset including

information on household income, consumption by gender, and individual leisure

time (INEGI, 2020). The analysis focuses on couples or single adult households

with or without children, to better proxy income sharing, which we base on the

consumption share of male and female household members. While previous re-

search acknowledges the importance of temporal constraints on women in partic-
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ular (Rodin et al., 2012; Lyon et al., 2017), the only multidimensional poverty

index estimated for Mexico does not include any measures of time allocation (Or-

tega Diaz, 2014). Indigenous people are also particularly likely to suffer from time

constraints, given their economic vulnerability (González de Alba, 2010; Canedo,

2018, 2019). We expect vulnerability to time and income poverty to be most severe

for indigenous women.

Estimation of the bivariate relative poverty line yields insights beyond those pro-

vided by standard approaches. Overall, the percentage of those below the bivariate

relative poverty line is 18 percentage points higher than indicated by the separate

absolute leisure and income poverty thresholds. While indigenous women are ab-

solutely poor in standard poverty assessments, many non-indigenous women fall

above the absolute poverty line but below the relative poverty line, a pattern not

apparent in standard poverty assessment. The most important factors increasing

the vulnerability of this group are low educational levels and high numbers of

children.

Section 3.2 outlines the current literature on time and income poverty to motivate

the analysis of the distributional dependence between income and leisure time.

Section 3.3 defines the bivariate relative poverty line and introduces distributional

copula models. Section 3.4 outlines the rich data set for Mexico used to apply our

method. The results in Section 3.5 provide evidence of differences by gender and

ethnicity. Section 3.6 concludes.

3.2 Literature review

Time is widely considered a relevant resource for well-being (Narayan et al., 2000;

World Bank, 2011; Ferrant et al., 2014; UN Women, 2015). Like income, time

availability determines opportunities for achievements and well-being in life (Bur-

chardt, 2008). Due to the constraints of paid and unpaid work, people cannot

always choose the leisure time they prefer (Bittman and Folbre, 2004). Especially

in poor households, the need for market income requires household members to

work long hours. Women perform a disproportionate share of unpaid work, which

reduces the time they can devote to paid work (Connelly and Kongar, 2017). De-
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privation of time for leisure is an important dimension of poverty.

Both utilitarian and capability approaches acknowledge leisure time as a compo-

nent of well-being, but seldom incorporate it into definitions of poverty (important

exceptions are discussed below). Utility-maximizing choices based on subjective

perceptions do not provide any rationale for a specific threshold. By contrast the

capability approach postulates a minimum level of resources and functionings re-

quired to live a valuable life (Sen, 1976, 1987). Both income and time are often

necessary for the realization of capabilities and functionings (Sen, 1976). This

minimum level, however, is difficult to operationalize and seldom includes consid-

eration of leisure time (Ortega Diaz, 2014; Alkire et al., 2015; Santos and Villatoro,

2018).

Several bidimensional poverty approaches show that relationships between income

and time allocation differ on the household and individual levels. Vickery (1977)

argues that hours devoted to unpaid work increase household consumption and

constructs a threshold curve between money and time on the household level.

Within the household, however, gender differences are apparent. Responsibilities

for housework and family care reduce both the quantity and quality of women’s

leisure time (Badgett and Folbre, 1999; Antonopoulos et al., 2017). By limit-

ing opportunities for directly remunerative work, these responsibilities also lower

women’s bargaining power in the household (Antonopoulos and Hirway, 2010; UN

Women, 2015; Amarante and Rossel, 2018).

Time and income poverty analyses that take individuals as units of analysis use

separate thresholds, scalar indices or bivariate measures to detect gender differ-

ences. Bardasi and Wodon (2010) define an individual as time and income poor

if the individual works more than the time poverty threshold and lives in an in-

come poor household. The Levy Institute Measure of Time and Income Poverty

(LIMTIP) measure defines households as ’hidden’ poor if the household members

work long hours and would fall below the income poverty line, if they purchased

market substitutes for their unpaid work. This household measure is supplemented

by individual time-use measures that capture gender differences (Zacharias et al.,

2012; Antonopoulos et al., 2017).
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Of the existing individual approaches, Merz and Rathjen (2014) are the closest to

ours. Their bidimensional poverty line is constructed based on a model of utility

maximization and the assumption of constant elasticity of substitution between

income and leisure. Thus, they base their approach on self-reported subjective well-

being. We, on the other hand, relax the aforementioned assumptions by developing

a data-driven approach based on reported leisure time. A specifically set quantile

level of the joint distribution between income and leisure – corresponding to a

certain percentage of the combined observations of income and leisure – defines

the bivariate relative poverty line. To capture the influence of the dependence

structure – i.e. the shape of the joint distribution of leisure and income – on the

vulnerability to poverty, we use distributional copula models.

Copula regression models are proven tools to account for the dependence structure

of poverty dimensions while controlling for covariates (Nelsen, 2006; Duclos et al.,

2006; Marra and Radice, 2017; Aaberge et al., 2018; Hohberg et al., 2020; Garćıa-

Gómez et al., 2021). We incorporate distributional aspects into copula models to

disentangle persisting poverty by analyzing the varying strength of the dependence

between income and leisure. Specifically, vicious cycles are uncovered, as we expect

the dependence to be more pronounced at the tails of the distribution between

income and leisure. For example, time constraints hinder people in getting decent

jobs. At the same time, low wages lead to higher working hours and more domestic

work, as fewer market substitutes can be purchased. Therefore, the income poor

have less leisure time (Ghosh, 2016). We expect these dependencies to be more

pronounced among women, due to their double work burden (Psacharopoulos and

Tzannatos, 1992; Colinas, 2008; Ferrant et al., 2014).

The Mexican survey of Households, Incomes and Expenses enables us to explore

these issues. Mexican poverty is exacerbated by a weak social safety net and

conservative gender norms (Segrest et al., 2003; Pedrero Nieto, 2005). Women

devote substantial time to family care but are often forced into low-income jobs

to contribute to the financial support of the family (Rodin et al., 2012; Lyon

et al., 2017). Ethnic differences are significant and indigenous people in rural

areas are especially vulnerable to poverty (González de Alba, 2010; Carré et al.,

2016; Canedo, 2019). Thus, intersections between gender and ethnicity shape the
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trade-offs between income and leisure.

This paper adds to the literature on bidimensional poverty in time and income in

four aspects. First, we construct a measure for income division in the household,

based on the consumption spending by gender. Second, we derive a bivariate

relative poverty line based on the underlying data. Third, we take into account

the varying strength of dependence between income and leisure time by applying

distributional copula models. Fourth, we add to the Mexican poverty assessment

by using the ENIGH 2018 to analyze differences based on gender and ethnicity.

3.3 Methodology

To identify the poor, we construct a bivariate relative poverty line described in Sec-

tion 3.3.1. Bivariate distributional copula models identify the dependence struc-

ture and provide estimates of the likelihood of falling below the bivariate relative

poverty line (see Sections 3.3.2 and 3.3.3).

3.3.1 Bivariate relative poverty line

To account for bidimensional poverty in leisure and income, we derive a bivariate

relative poverty line using data from Mexico. This relative approach to poverty

specifies poverty as a quantile of the population’s joint time and income distri-

bution. We specify the bivariate relative poverty line as a specific quantile line

of the bivariate cumulative distribution function (CDF) of income and leisure.

For the population-based poverty assessment, we utilize the empirical CDF of the

observed data, considering all leisure and income combinations. This resembles

similar population-based definitions for univariate poverty lines. The bivariate

relative poverty line avoids the assignment of a monetary value to leisure time by

keeping separate units of measurement instead of composing an index. Our data-

based approach allows for nonlinear substitutability among income and leisure

time.

Figure 3.1 illustrates the bivariate relative poverty approach in contrast to the

union and intersection approach to time and income poverty. The dotted black

lines illustrate the separate absolute thresholds and the black line the bivariate
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Figure 3.1: Time and income poverty approaches

relative poverty line. Area 1 plus area 2 define univariate time poor and area 2

plus area 3 define univariate income poor. These areas combined define the union

approach. Area 2 represents joint absolute leisure and income poverty defined as

intersection approach (Merz and Rathjen, 2014). Area 4 defines individuals that

are simultaneously time and income poor according to our bidimensional approach

but neither income nor time poor according to univariate measures. Instead of

defining only an area of time but not income poor, the bivariate approach defines

a space including all those living at the societal margin of the joint distribution of

income and leisure.

Depending on the distribution of income and leisure the line varies in proximity

to the origin, but will not be below the set quantile. This quantile line implicitly

accounts for the substitutability between income and leisure observed in the data.

Area 5 includes all non-bidimensional poor individuals.

To formalize the basic idea of bivariate relative poverty line illustrated above,

let F1,2(q1, q2) be the joint CDF of income and leisure (either estimated from a

statistical model or via the empirical CDF). The black curve is then defined by

fixing a quantile level τ ∈ [0, 1] and determining the contour line with F1,2(q1, q2) =

τ (Klein and Kneib, 2020). The area below the bivariate relative poverty line of

level τ ∈ [0, 1] is then given by Qτ = {q = (q1, q2) ∈ R2 : F1,2(q1, q2) ≤ τ} and the
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poverty risk can be quantified as

P (Yi ∈ Q)

where Yi = (Yi1, Yi2), i.e. the poverty risk, reflects the probability of falling below

the bivariate relative poverty line. This can be assessed both in an ex-post and an

ex-ante approach, where the latter relates to vulnerability to poverty in the future

as well as in a model-based fashion (when the joint CDF of Yi is derived from

a statistical model) or purely data-based by employing the bivariate empirical

CDF. We use the population-based bivariate relative poverty line and therefore

rely on the empirical CDF of all data in the following. Note that P (Yi ∈ Q) is

substantially larger than the quantile level τ utilized to construct the poverty line

even if Yi follows exactly the CDF that was used to construct the poverty line. Note

also that once conditioning on covariates, the distribution of the bivariate outcome

Yi will deviate from the population-based CDF such that the actual poverty risk

varies according to covariates.

Let now Q1,τ = {q1 ∈ R : F1(q1) ≤ τ} and Q2,τ = {q2 ∈ R : F2(q2) ≤ τ} be the

areas below the univariate poverty lines at level τ derived from the marginal CDFs

F1 and F2. Then conventionally, the poverty risk in a bivariate setting is either

defined as

P (Yi ∈ Q1,τ ∩Q2,τ )

(intersection of the two marginal poverty areas) or

P (Yi ∈ Q1,τ ∪Q2,τ )

(unification of the two marginal poverty areas). The latter defines individuals as

poor if they are poor in at least one dimension according to the marginal poverty

lines, whereas, the former considers individuals as poor if they fall below the

poverty line in both dimensions.

For both conventional definitions, there are individuals who are considered to be

poor based on our bivariate relative poverty line but not by any of the two conven-

tional approaches when the same level τ is used for the marginal and the bivariate
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relative poverty line. Bivariate poor are out in the tails of the bivariate distribution

of both potential poverty dimensions although they are not necessarily extreme in

the sense of the marginal distributions of income or leisure alone. Similarly, we

can consider bivariate vulnerability to poverty, i.e. the ex-ante risk of falling below

the bivariate relative poverty line in the future. The common ways of reducing the

bivariate scenario to two marginals via intersection or unification may then lead

to a severe underestimation of future poverty risks.

To compute either of the poverty risks discussed so far, we rely on Monte Carlo

integration where we simulate a large number of replicates from the distribution

of the bivariate poverty indicator Yi and then approximate the desired probability

by its empirical frequency. While the conventional poverty risk definitions could

also be computed from the bivariate CDF, this is difficult for our new approach

where the poverty line is a nonlinear, smooth function.

3.3.2 Bivariate distributional copula regression models

The advantage of distributional copula regression is twofold: Any aspect of the

bivariate distribution is a function of covariates and it allows for different types of

dependencies by flexibly specifying the copula. Simple correlation methods do not

capture these complexities.

The calculation of joint probabilities based on distributional aspects enables us

to evaluate vulnerability to poverty among sub-groups. For example, income and

leisure time vary over the range of education, meaning that one additional year of

education does not always, ceteris paribus, have the same mean additional impact

on leisure time or income. Further, the deviation from the mean can differ over

the range of education. In return, these marginal distributions impact the depen-

dence between income and leisure time, which may lead to stronger dependencies

at lower levels of income and leisure time (tail dependence). This indicates persis-

tent poverty likely due to vicious cycles. Thus, asymmetric dependencies matter

and mean regression methods can lead to wrong interpretations of the statistical

significance and the economic relevance of the variables (Kneib, 2013). By in-

corporating generalized additive models for location, scale and shape into copula
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models, we can describe asymmetric dependence structures (Marra and Radice,

2017; Stasinopoulos et al., 2017).1

Figure 3.2 illustrates possible dependence structures. The dots picture (stylized)

observations of leisure and income combinations. The left graphic in Figure 3.2

visualizes asymmetric dependence structures (tail dependency). In this example,

higher dependency occurs in the lower part (tail) of the two variables income

and leisure. The right graphic in Figure 3.2 shows the dependence structure for

independent poverty dimensions where no simultaneous tendencies of income and

leisure can be detected from the contour lines.

Figure 3.2: Copula Specification

3.3.3 Model specification

The bivariate cumulative distribution function models the joint distribution of

two variables utilizing copulas as the mathematical tool to separate the marginal

distributions from the dependence structure. We first specify the marginal dis-

tributions for the dependent variables leisure and income, which comprise the

dependent vector (Y1, Y2). The copula then binds the two marginal distributions

via a cumulative distribution function with uniform margins. We select the copula

based on the marginal distributions and defined covariates (Klein et al., 2019).

1The combination of GAMLSS and copulas are implemented in the GJRM package in R (Marra
and Radice, 2017).
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In a copula specification, the bivariate CDF F1,2(y1, y2) = P (Y1 ≤ y1, Y2 ≤ y2) is

defined as

F1,2(y1, y2) = C(F1(y1), F2(y2)) (3.1)

where C : [0, 1]2 → [0, 1] indicates the copula (i.e. a bivariate CDF with uniform

marginals) and Fj(yj) = P (Yj ≤ yj), j = 1, 2 are the marginal CDFs of the two

response elements Y1 and Y2. The copula C(·, ·) in (3.1) is uniquely determined, if

Y1 and Y2 are continuous (Klein et al., 2019). Marra and Radice (2017) enumerate

several marginal distributions for continuous variables. For our application in

Section 3.4.3, we only consider copulas with one dependence parameter, which

allow for positive and negative dependence simultaneously, such as Ali-Mikhail-

Haq, Farlie-Gumbel-Morgenstern, Frank, Gaussian and Plackett.

Copula regression links the parameters of both the marginals and the copula to

regression predictors. In the bivariate case, θ = (θ′1,θ
′
2,θ

′
c)
′ is the J-dimensional

vector of the parameters defining the marginal distribution for Y1 and Y2 (θ1

and θ2, respectively) and the copula (θc). These parameters are dependent on

covariates z thus θij = θj(zi), j = 1, . . . , J for observations i = 1, . . . , n. In

our case we consider different types of response distributions for continuous, non-

negative responses including normal, log − normal, dagum, singh − maddala,

gumbel, reverse gumbel and gamma. We use a semiparametric specification for

our predictors to obtain more flexibility. The additive linear predictor ηi is a

function of an intercept and a covariate vector represented as

η
θj
i = β0 + z′iβ

θj +
K∑
k=1

f
θj
k (xik), i = 1, . . . , n, j = 1, . . . , J, (3.2)

and a strictly monotonically increasing function hj links the predictor to the dis-

tributional parameter θj by

θj(zi) = hj(η
θj
i ), i = 1, . . . , n, j = 1, . . . , J. (3.3)

The predictor comprises an overall intercept β0 ∈ R, linear effects z′iβ
θj based on

covariates zi and regression coefficients βθj with K nonlinear effects f
θj
k (zik) of

continuous covariates zik, k = 1, . . . , K. We employ penalized splines to model
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non-linear effects (Eilers and Marx, 1996). Penalized splines achieve a data-driven

amount of nonlinearity in the effect estimates. The parameter estimation relies

on a very generic penalized maximum likelihood-based framework; the numerical

implementation of GJRM is based on a trust region algorithm with integrated

automatic multiple smoothing parameter selection (Marra and Radice, 2017).

We apply the bivariate distributional copula model to the 2018 Mexican National

Survey of Households on Income and Expenditures outlined in the following sec-

tion.

3.4 Data

For our analysis, we use the 2018 Mexican National Survey of Households on In-

come and Expenditures (Encuesta Nacional de Ingresos y Gastos, ENIGH). This

cross-sectional data set contains information on household income and expenses,

time-use, occupational and sociodemographic characteristics of household mem-

bers and information on the infrastructure of the dwelling and the equipment in

the household. With information on each household member, the data set contains

398,247 observations. It is representative on the rural/urban level (INEGI, 2020).

Income pooling and sharing between more than two adults in a household is vari-

able and difficult to proxy. We therefore restrict our analysis to households consist-

ing of couples or single adults with or without children (to overcome any ambiguity

about income sharing that may arise in households with additional adults). This

sample includes 69,079 complete cases.2

2Complete cases contain information for all variables of interest. Reducing the data set to com-
plete cases relies on the implicit assumption that missing data have been introduced completely
at random.
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3.4.1 Income

Conventional poverty assessment approaches monetary well-being in two ways:

either based on income or consumption.3 However, Mexico only estimates an

income poverty line. We follow Mexico’s poverty assessment by using income

measures (World Bank, 2020a). The average Mexican income poverty level for 2018

is 1,501 Mexican Pesos, based on the estimated cost of a food basket, necessary

to secure an above-poverty standard of living. It is estimated on a monthly basis

and adjusted by the National Index of Consumer Prices (CONEVAL, 2020).

The ENIGH reports current income on an individual and a household level. In-

come is the sum of wages, private, institutional and governmental transfers, capital

rent and other income. The household income measure sums up the income of all

household members into a quarterly value (INEGI, 2020). As the ENIGH calcu-

lates quarterly averages, the income measure is less prone to monthly variation

and thus a sufficiently stable welfare measure for Mexico. For our analysis, we use

the monthly average, by dividing the quarterly value.

The ENIGH also includes information on individual and household expenditures.

This measure refers to regular direct expenses that households spend on goods

and services for their own consumption. It sums up spending on food, clothing

and footwear, housing, cleaning, health, transportation, education and recreation,

personal care and expenses for transfers. Expenditures can be divided into general

household goods and personal goods. The data set indicates whether spending

on personal goods was intended for females or males (child or adult) household

members (INEGI, 2020). Again, we divide the quarterly value into a monthly

average.

To compare the income of households, we use equivalence scales. Due to economies

of scale, households with four family members do not necessarily need the double

3In industrialized countries, with a low share of self-employment, income is a reliable measure,
as it barely varies over a year. In this case, collecting income data is more cost effective. In devel-
oping and transition countries, with a high share of self-employed people and large agricultural
sector, income is likely to vary considerably more since seasonal differences matter. Consumption
is less prone to short-term fluctuation, as savings or dissavings can even out income variation.
Thus, it is considered the better measure of welfare in these settings (Deaton and Zaidi, 2002).
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amount of income or expenditures of families of two members (Folbre et al., 2017).

We apply the square root equivalence scale to account for the cost of living of

households of different composition (taking the square root of household members

as the scaling parameter) (OECD, 2020).

Family household members often pool a significant portion of their income, which

makes them an essential entity of distribution and production. Therefore, house-

hold family income better indicates material living standards than individual earn-

ings (Folbre et al., 2017). For an individual-based analysis, we divide family income

among family members. Due to a lack of information on income pooling and shar-

ing, this analysis compares three ways to divide the income between household

members. First, we take a conservative approach and follow Merz and Rathjen

(2014) by dividing the income equally among adult household members. Second,

we take the ratio of the average share of female and male wages — based on all

couple households in our sample — as a proxy for intra-household income division.

Third, we use household specific expenditure shares for male and female household

members as an approximation for intra-household income sharing. Even though

we cannot distinguish whether the expenditure is made for children or adults, it

gives an approximation of income sharing based on gender in the household.

Table 3.1 reports average incomes by gender and ethnicity according to different

forms of income pooling.4 The row average household share assigned to women

reports the share of the income assigned to women. The columns show averages

for equal income sharing, income sharing according to the average income share

of men and women in Mexico and income by household specific expenditure share

for men and women. The average share of income generated by women in relation

to men specifies the income share. In contrast, the expenditure share is calculated

individually for each household. Table 3.1 reports the average of the household

shares. The difference in income between men and women for equal income sharing

occurs due to single adult households.

Summary statistics in Table 3.1 reveal differences in average income by gender and

ethnicity. Women have less income on average than men and indigenous people

4We use individual sampling weights for descriptive statistics and regression analyses.
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have less income than non-indigenous people. Non-indigenous women are richer

than indigenous men, while non-indigenous men are the richest and indigenous

women the poorest. This holds for all three different ways of income division.

The expenditure share provides the most plausible approximation for

intra-household income division, as it uses household specific information on

expenditures by gender. We argue that relative consumption expenditures are a

reasonable indicator of relative income shares. The average share for women

based on the expenditure measure (0.39) is slightly higher than the share for

women based on the share of average incomes in Mexico between men and

women (0.36) but below the equal share (0.5) of household income division.

Household income division based on equal shares thus serves as upper bound and

household income division based on the average share of income of men and

women in Mexico serves as lower bound of the distribution of pooled household

income division between men and women.

Table 3.1: Monthly income

Equal share Income share
Expenditure

share

Average household share
assigned to women

0.5 0.36 0.39

Indigenous women 2396 1923 2271
(3212) (2867) (3201)

Non-indigenous
women

5220 4221 4869

(7337) (6470) (6921)
Indigenous men 2449 2938 2633

(3813) (4184) (3940)
Non-indigenous
men

5417 6482 5904

(8483) (9461) (9217)

Standard deviations are in parentheses.
Averages and standard deviations are measured in Mexican Pesos.

3.4.2 Leisure time

The ENIGH reports a comprised set of time-use activities. The data is collected

in form of an activity list, more reliable diary-based data is not available. Other
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than income, leisure is an individual measure. The short activity list includes the

following question, which we use as a measure for leisure: How much time did you

spend on activities you enjoy last week?.5 This measure is reported in hours and

minutes spent on personal activities during the previous week (INEGI, 2020).

As Table 3.2 indicates, women have less leisure time than men, and the gap is

biggest between indigenous women and non-indigenous men. Table 3.2 reports

summary statistics for leisure, time spend on paid and unpaid work (includ-

ing commuting) – market work, community work, care for other people, repair

work, housework, collection of wood and water – based on the underlying data set

ENIGH.6 Indigenous women have the least amount of leisure while men have the

most.

Table 3.2: Time-use in minutes per week

Leisure
Paid and unpaid

Work
Paid and unpaid

Work and commute
Indigenous women 1006 3351 3365

(902) (1649) (1631)
Non-indigenous
women

1093 3345 3372

(899) (1713) (1727)
Indigenous men 1095 3256 3334

(924) (1496) (1538)
Non-indigenous
men

1147 3332 3340

(966) (1492) (1527)

Standard deviations are in parentheses.

5Durante la semana pasada cuánto tiempo le quedó para realizar actividades que a usted le
gustan? (INEGI, 2020).
6The values conform to the more detailed 2014 time-use survey of Mexico (ENUT), which also

shows that women have less leisure time (INEGI, 2019). The ENOE values are displayed in
Table A3.1.
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3.4.3 Empirical model specification

Our empirical strategy is conducted in two parts: First, we define the marginal

distributions of the continuous outcome variables income and leisure time. Second,

based on these marginal distributions we determine the copula specification. The

same set of covariates specifies the marginal distributions and the copula. The

model includes the following variables: Age (age) is flexibly modeled using three

basis functions to account for potentially non-linear effects (Fahrmeir et al., 2013).

Based on the Mincer wage equation (Lemieux, 2006), we include an ordinal variable

for education (educ), a dummy variable for urban citizens (urban), for having a

partner (partner), as well as for being indigenous (ethni) to control for potential

differences between the corresponding groups (González de Alba, 2010). We add

the ordinal variable for children under fourteen (child14) as we expect people with

younger children to work more and earn less, as they are more restricted in time

(Maani and Cruickshank, 2009; Rodin et al., 2012; Ponthieux and Meurs, 2015).

To account for gender differences and independent observations, we separate the

regression for male and females. This leads to the (gender-specific) regression

specification:

ηθjg = β
θj
0g + s(age)θjg + β

θj
2geduc+ β

θj
3gurban+

β
θj
4gethni+ β

θj
5gchild14 + β

θj
6gpartner

(3.4)

For the female as well as male sample we find that the income variable follows

a Dagum distribution (see Table A3.3) while leisure time can be modelled with

a Singh Madala distribution (see Table A3.4). The analysis of model residuals,

displayed in Figure A3.7 for women and Figure A3.8 for men, support these model

specifications. Both distributions are part of the Burr system of distributions

which requires to model three parameters (see Kleiber and Kotz (2003)). These

two distributions form the response vector for the bivariate distributional copula

model.

Using the marginal distributions from the GAMLSS framework and the set of

variables specified in Equation 3.4 leads to a Gaussian copula for the model on

women and the Farlie-Gumbel-Morgenstern copula for the model on men. We base
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the selection on the copula specification on the lowest AIC level displayed in Table

A3.5.

It follows, that the bivariate distribution depends on seven parameters θj, j =

1, . . . , 7 (three for each marginal and one dependence parameter). Each parameter

θj = hj(ηj) is related to one predictor ηj with separate specifications for men and

women g = 1, 2, i.e. (
Time

Income

)
∼ D(θ1, θ2, θ3, θ4, θ5, θ6, θ7) (3.5)

Before giving the results for Equation 3.4, we show the results for the poverty line.

3.5 Results

This section outlines the results for the poverty line, variation in the relationship

between income and leisure time and vulnerability to poverty.

3.5.1 Bivariate relative poverty line

The poverty line is set to a quantile level of the joint distribution between income

and leisure time. As there is no commonly used leisure time threshold, the quan-

tile for the leisure poverty threshold is aligned with the Mexican income poverty

threshold. The Mexican income poverty level, based on a food basket, is on aver-

age 1,501 Mexican Pesos in 2018 (CONEVAL (2020)). The poverty threshold is

equivalent to the 15% quantile of the income distribution of the population. We

set the quantile level of the bivariate relative poverty line to 15%, to ensure the

inclusion of the absolute income poor.

Figure 3.3 shows the estimated poverty line based on the data. The black line

represents the bidimensional relative poverty line. The grey lines represent the

single absolute poverty thresholds at 1,505 Pesos (estimated observed value for

the 15 % quantile). The equivalent 15% quantile for leisure is 420 minutes. The

black line exhibits a non-smooth shape, because we use a data-driven approach

and certain values are not observed. The time variable is reported in minutes, but
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Figure 3.3: Relative versus absolute poverty line

Income is reported in Mexican Pesos and leisure time in minutes per week.

we suspect that it is unlikely to report more precise values than 15 minute units.

Further, a vast number (approximately 8000 observations) of individuals report

420 minutes of leisure time per week.7

Table 3.3 displays the shares of individuals below the different poverty lines. The

first column shows the share of the total population. The following columns show

the share of sub-groups – indigenous women, non-indigenous women, indigenous

men, non-indigenous men – in relation to their group. Areas in the table refer

to Figure 3.3. Area 1 refers to absolute leisure time poverty, area 3 to absolute

income poverty, area 2 to absolute leisure time and income poverty, area 4 to

below the relative but above absolute poverty threshold, area 1 & 2 & 3 represents

the union approach, area 1 & 2 & 3 & 4 combines all individuals in relative poverty

and area 5 are all non-poor individuals. Numbers display the percentage share in

the according areas by group.

As Table 3.3 indicates, more Mexicans experience relative than absolute bidimen-

sional poverty. The percentage of Mexicans experiencing relative poverty is about

7This equals an hour a day and might reflect bunching around a plausible guess-estimate.
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Table 3.3: Poverty levels

Total Women Men
Poverty approach

(Area)
Population

Non-
indigenous

Indigenous
Non-

indigenous
Indigenous

Leisure (1 & 2) 14.79 14.21 14.98 15.49 14.39
Income (3 & 2) 15.27 14.89 52.30 9.86 44.71
Intersectional (2) 2.20 2.05 7.95 1.48 6.60
Below relative &
Above absolute (4)

17.86 19.94 16.99 15.60 16.28

Union (1 & 2 & 3) 27.86 27.05 59.34 23.87 52.50
Relative bidimensional
(1 & 2 & 3 & 4)

45.72 46.99 76.33 39.47 68.78

Non-poor (5) 54.28 53.01 23.67 60.53 31.22

Total shares in percentages by group.

18 percentage points higher than those experiencing absolute poverty.8 The differ-

ence between absolute and relative bidimensional poverty becomes clear, consid-

ering area 4 (being in bidimensional relative poverty but not in absolute poverty)

and area 2 (joint absolute leisure and income poverty). Only 2.2 percent of the to-

tal population are absolute time and income poor (intersection approach), but 18

percent of the total population experience relative poverty above absolute poverty.

These individuals are at the margins of the bidimensional poverty distribution

but invisible in binary absolute poverty assessment. The picture is more diverse

considering subgroups of indigenous and non-indigenous men and women.

While indigenous women are more likely to live in absolute poverty, non-indigenous

women are especially likely to live in relative poverty above absolute poverty. More

indigenous people fall below the joint absolute poverty thresholds. The highest

share exhibit indigenous women followed by indigenous men, with a difference

of around 1 percentage point. The share of non-indigenous people within the

intersection of absolute leisure and income poverty is much lower (2 percent of

non-indigenous women and 1.5 percent of non-indigenous men). The difference

8A high amount of observations lie at the poverty threshold of 420 minutes (around 8000
observations).
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to their indigenous counterparts is 5 percentage points for men and 6 percentage

points for women. The picture is different below the relative poverty line but above

the absolute poverty lines. The highest share is among non-indigenous women,

while non-indigenous men exhibit the lowest share. The difference between non-

indigenous women and non-indigenous or indigenous men is around 4 percentage

points and 3 percentage points higher compared to indigenous women.

The strength of dependence between income and leisure impacts the likelihood of

falling below the bivariate relative poverty line. Different characteristics have a

varying impact on the strength of dependence. Results in Section 3.5.2 analyze

these effects on the strength of dependence. We therefore investigate specific cases

at the intersection of gender, ethnicity and other characteristics in Section 3.5.3.

3.5.2 Strength of dependence between income and leisure

To analyze the interdependence between income and time poverty, we are specifi-

cally interested in the impact of the covariates on the dependence parameter, the

copula parameter θ7 from Equation 3.4. Positive and negative impacts of the co-

variates need to be put in relation to the initial predictor. It follows, that the sign

of the impact can either strengthen or weaken the relationship. To identify the

change in the dependence, we use Kendall’s τ for the specific cases.

To obtain comparable quantifications of the dependence between income and

leisure, we rely on Kendall’s τ – it takes values between −1 and 1 – as a de-

pendence measure which takes into account the copula structure. The population

version measures the concordance and discordance for two independent and iden-

tically distributed random vectors (Nelsen, 2006).

The results for Kendall’s τ show a difference in the strength and the distribution

of the relationship between income and leisure for men and women. Figure 3.4

displays the range of the Kendall’s τ for female (light grey) and male (dark grey)

sample and their overlapping area (grey). The center of the female sample locates

right of the male sample which centers, with a high density, around zero. The

density of the female sample spreads wider.9

9The summary statistics in Table A3.2 support this notion.
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Figure 3.4: Kendall’s τ men and women: histogram
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To interpret the size of the effects of the covariates on the dependence structure

we estimate average marginal effects (as specified in Williams (2012)) in Table 3.4.

We adopt the significance levels from the copula parameter coefficients displayed

in Table A3.12 for women and Table A3.18 for men.10 11

Between men and women not only the statistical significance of the coefficients but

also the magnitude of the effects on the strength of the dependence differs.12 While

nearly all variables in the male sample are not associated with the dependence

between income and leisure, most variables in the female sample have a significant

relation with the dependence structure. Specifically, the higher the educational

level the higher the positive association with the dependence structure. In addition,

having one or two children as a woman is positively associated with the dependence

structure and exhibits an economically relevant magnitude – 0.024 units for one

10We report the full regression results for all parameters in Table A3.6-A3.11 for women and
Table A3.13-A3.18 for men.
11Figure A3.9 for women and Figure A3.10 for men display the estimated smooth effects of
age on the copula parameter. The estimated centered spline shows a varying effect for different
ages on the dependence, indicating a non-linear effect on the dependence which is statistically
significant.
12We discuss all effects conditional on ceteris paribus interpretation.
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Table 3.4: Marginal Average Effects on Kendall’s τ

Women Men
K’s τ K’s τ

Preschool 0.079 0.020
Primary 0.109∗∗∗ 0.048
Secondary 0.139∗∗∗ 0.075
High-school 0.169∗∗∗ 0.098
Normal 0.199 0.119
Technical/commercial 0.228∗∗∗ 0.137
Bachelor 0.257∗∗∗ 0.152
Master 0.285∗∗∗ 0.164
PhD 0.313 ∗ 0.174
Indigenous 0.030∗∗ 0.029∗∗

Urban -0.019∗∗ -0.005
Child 1 0.024∗∗ -0.012
Child 2 0.034∗∗∗ -0.016
Child 3 0.019 -0.021
Child 4 0.014 -0.001
Child 5 -0.049 -0.104∗

Partner 0.002 -0.010
Age 0.001∗∗∗ 0.002∗∗∗

Standard errors in parentheses.
∗∗∗p < 1%, ∗∗p < 5%, ∗p < 10%

and 0.034 units for two children. In comparison, having children is not associated

with the dependence between income and leisure for men, apart from men with

more than 5 children. Only the age effect is higher for men than for women by

double the amount of units.

Other characteristics are similarly associated with the dependence between income

and time in the female and male sample. Having a partner has neither a statistical

nor economic relevance on the strength of the dependence in both samples. Being

indigenous is statistical significant in both samples with a similar magnitude of

0.030 and 0.029 units for women and men, respectively.

The dependence structure of the two poverty dimensions varies over the dimen-

sions of the influencing factors. Due to distributional aspects, covariates have a

varying economic relevance. Section 3.5.3 displays the probabilities of being below

the separate or joint thresholds or the bivariate relative poverty line for differ-

ent covariate combinations for indigenous and non-indigenous women and men.
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Contour plots illustrate the dependence structure.

3.5.3 Vulnerability to poverty

The case studies for men and women show differences in the vulnerability to ab-

solute and relative poverty. Tables 3.5 and 3.6 illustrate specific copula prediction

for indigenous and non-indigenous women and men, respectively, with the respec-

tive choices for education – primary, secondary, bachelor and master – and number

of children under 14. We exclusively consider 30 year old urban citizens with a

partner. The columns show the correlation parameter Kendall’s τ and the proba-

bility of falling below the different specifications of the poverty line: the absolute

leisure poverty, the absolute income poverty, absolute bidimensional poverty (in-

tersection approach), above absolute but below bivariate relative poverty line and

below bivariate relative poverty line.

For women the strength of the dependence between income and leisure varies

strongly with educational level and number of children. We find a recognizable

difference in Kendall’s τ indicating the relevance of having a master’s degree. The

difference in the dependence varies significantly by 0.12 units in Kendall’s τ , inde-

pendent of the number of children. The difference is much lower between primary,

secondary and bachelor degree, at around 0.01 units in Kendall’s τ . Two children

compared to no children is associated with a stronger relationship between income

and leisure. Non-indigenous women with primary, secondary or bachelor degree

with children exhibit a positive relationship, while the relationship is negative with

no children.

The likelihood of falling below the absolute bidimensional poverty threshold is

higher for indigenous women than for non-indigenous women, while the reverse

holds for relative poverty above absolute poverty. This varies significantly with

the educational level, which indicates that the distribution of the relationship

matters. Low educated non-indigenous mothers are more vulnerable for relative

poverty and low educated indigenous mothers are more vulnerable for absolute

poverty. Non-indigenous women with two children and a primary or secondary

educational degree exhibit the highest probability of falling below the relative but

72



Table 3.5: Probabilities being below the poverty line: women

Education Kendall’s Absolute Absolute Absolute Below relative & Relative
τ Income Leisure Bid. Above absolute Bid.

Poverty Poverty Poverty Poverty Poverty

Non-indigenous women with no children
Primary -0.014 15.8 18.4 2.8 14.54 45.26
Secondary -0.023 9.3 17.9 1.5 11.9 36.9
Bachelor -0.017 2 19.4 0.4 3.84 24.9
Master 0.114 0.5 23.9 0.2 2.14 25.76

Non-indigenous women with two children
Primary 0.021 31.1 24 7.8 22.9 70.16
Secondary 0.011 19.7 23.5 4.8 22.62 60.06
Bachelor 0.018 3.6 27.4 1.1 9.28 38.5
Master 0.148 0.7 32.7 0.4 3.14 36.26

Indigenous women with no children
Primary 0.017 37.8 21 8.2 17.58 68.22
Secondary 0.007 26.4 20.4 5.5 17.46 58.4
Bachelor 0.014 7.1 23 1.7 9.48 36.52
Master 0.144 2.1 27.5 1 4.32 32.56

Indigenous women with two children
Primary 0.051 61.2 29.2 18.9 15.32 87.24
Secondary 0.041 47.1 28.8 14.4 19.08 80.86
Bachelor 0.048 12.3 34 4.8 14.4 55.12
Master 0.177 3.3 39 2.1 6.78 46.8

Probabilities are in percentages.

above the absolute poverty line. Further, the difference in falling below the relative

poverty threshold but above the absolute threshold is bigger for non-indigenous

women than for indigenous women. While for indigenous women with secondary

education and two children this gap is around 5 percentage points, the difference is

around 18 percentage points for non-indigenous women with secondary education

and two children.

In turn, educational level and number of children barely influence the relationship

between income and leisure time for men, as displayed in Table 3.6. These findings

support the results from Table 3.4, implying that we can neither identify a statis-

tical nor an economic relevance for the reported variables. However, educational
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Table 3.6: Probabilities being below the poverty line: men

Education Kendall’s Absolute Absolute Absolute Below relative & Relative
τ Income Leisure Bid. Above absolute Bid.

Poverty Poverty Poverty Poverty Poverty

Non-indigenous men with no children
Primary -0.001 11.2 17.7 2 11.94 38.22
Secondary 0.015 5.7 18.7 1.1 9.9 32.3
Bachelor 0.015 1.9 20.8 0.4 3.66 25.44
Master 0.002 0.3 23.5 0.1 2.32 25.5

Non-indigenous men with two children
Primary -0.017 19.6 23.8 4.5 20.34 58.98
Secondary -0.001 10.7 25 2.7 17.66 49.66
Bachelor -0.001 2.4 27.5 0.7 6.48 35.1
Master -0.014 0.3 30.5 0.1 2.52 33.14

Indigenous men with no children
Primary 0.029 27.4 19 5.6 16.16 55.66
Secondary 0.044 17.8 20 4 15.14 46.86
Bachelor 0.044 7.6 22.2 1.9 8.06 33.92
Master 0.032 2 25 0.6 4 29.7

Indigenous men with two children
Primary 0.013 43.7 25.4 11.4 19.22 76.9
Secondary 0.028 30.4 26.6 8.6 20.78 67.96
Bachelor 0.028 10.1 29.2 3.2 12.16 46.86
Master 0.016 2.3 32.3 0.8 5.6 39.02

Probabilities are in percentages.

level and number of children increase the likelihood of falling below the absolute

as well as the relative poverty threshold. Like for women, the likelihood of falling

below the relative poverty line but above the absolute poverty line is much higher,

with a greater difference among non-indigenous men. Only non-indigenous men

with primary school degree and two children have a higher probability of falling

below the relative poverty line but being above the absolute poverty line compared

to their indigenous counterparts.

The intersection of gender and ethnicity matters to falling into relative poverty,

being most severe for low educated non-indigenous women with children compared

to all other indigenous and non-indigenous men and women. Low educated non-

74



indigenous people with children have the highest vulnerability of falling into rela-

tive poverty but above absolute poverty. Men are less likely of falling into relative

poverty than their female counterparts. For example, low educated indigenous men

with children are more likely to fall into absolute poverty than their female non-

indigenous counterparts. However, in turn low educated non-indigenous women

are more likely to fall into relative poverty, above absolute poverty, compared to

their male indigenous counterparts. Thus, those vulnerable to relative bidimen-

sional poverty become visible with our approach.

The intersection of gender and ethnicity also matters for the strength of depen-

dence. Highly educated indigenous women with children exhibit the highest de-

pendence, while highly educated men with children exhibit the lowest dependence.

Overall the dependence is the highest among highly educated women. Women

with children exhibit a higher dependence than their male counterparts, while the

reverse holds for individuals without children.

In all investigated cases indigenous people are more likely to fall below the bivariate

relative poverty line than non-indigenous people and women more than men. The

probability varies between 10 and 20 percentage points at the intersection of gender

and ethnicity, with all other characteristics being equal.

Figure 3.5 and Figure 3.6 give examples of contour lines for specific samples of

women and men, respectively. The first row represents contour plots for non-

indigenous women/ men (ethni=0) and the second row shows indigenous women/

men (ethni=1) all other variables are the same for the cases by column. The

educational level (educ) is either a masters (8) or primary school (2) degree. The

sample version of Kendall’s τ shows the strength of dependence for the defined

covariate combinations.

The shape of the contour lines indicates a relevance of the distributional aspects, as

the variation in income is higher for low levels of leisure. The center of the contour

lines indicates the highest density of the correlation. The location differs according

to the variable combinations, being below and above the bivariate relative poverty

line.
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Figure 3.5: Contour plots women

Leisure in minutes per week and income in Mexican Pesos

Figure 3.6: Contour plots men

Leisure in minutes per week and income in Mexican Pesos
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3.6 Conclusion

Developing a relative poverty line, based on the joint distribution of leisure and

income, illuminates persisting poverty and vulnerability to poverty at the intersec-

tion of gender and ethnicity. As these two poverty dimensions are interlinked, the

strength of their dependence influences the level of poverty. As a consequence, the

relative poverty threshold includes 18 percentage points more people than a joint

absolute leisure and income poverty approach. While indigenous women are more

likely of falling into absolute time and income poverty, non-indigenous women are

most likely to fall into relative poverty above absolute poverty. These patterns are

not revealed by more conventional definitions and measurements of poverty.

Poverty among women is characterized by much stronger dependence between

leisure and income than poverty among men, and could help explain women’s

greater vulnerability. The strength of the dependence between leisure and in-

come varies with educational level and number of children. These variables thus

intensify the vulnerability to bidimensional poverty for women but not for men.

While indigenous mothers are more vulnerable to absolute poverty, low educated

non-indigenous mothers are more vulnerable to relative poverty above absolute

thresholds.

In sum, integrating income and leisure as poverty measures into a bivariate relative

poverty line unveils differences based on gender and ethnicity in the lower levels

of the leisure time and income distributions. The picture that emerges is more

complex and diversified than offered by standard approaches, highlighting the

impact of the double work burden at the intersection of gender and ethnicity.
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3.A Appendix

3.A.1 Summary statistics

Table A3.1: Time-use in minutes per week

ENIGH ENUT
Leisure Work Work Leisure

commute
Ind. Women 1006 3351 3365 1009

(902) (1649) (1631) (741)
Non-Ind. Women 1093 3345 3372 1236

(899) (1713) (1727) (909)
Ind. Men 1095 3256 3334 1145

(924) (1496) (1538) (840)
Non-Ind. Men 1147 3332 3340 1287

(966) (1492) (1527) (888)

Standard deviations are in parentheses.

Table A3.2: Kendall’s τ men and women: summary statistics

Kendall’s τ Mean sd Min. 1st Quant. Median 3rd Quant. Max.
Women 0.022 0.028 -0.123 0.005 0.019 0.0.036 0.197
Men 0.006 0.026 -0.523 -0.008 0.003 0.016 0.203

3.A.2 Model specification

This section displays the AIC and BIC levels for different choices of the marginals

for income in Table A3.3, for leisure in Table A3.4 and the copula specification in

Table A3.5. This section further shows the QQ-plott of the model residuals for

women in Figure A3.7 and men in Figure A3.8.
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Table A3.3: Distributional specifications: income

Women Men

Marginal Distribution AIC BIC AIC BIC

Normal 745671 746014 726609 726950
Log-normal 718720 719063 692459 692792

Dagum 713000 713515 691533 692043
Singh-Maddala 713066 713571 691562 692065

Gumbel 783672 784009 764211 764552
Reverse Gumbel 720177 720521 699663 700005

Gamma 718076 718417 697320 697653

Table A3.4: Distributional specifications: leisure

Women Men

Marginal Distribution AIC BIC AIC BIC

Normal 596273 596614 514256 514591
Log-normal 579365 579704 498626 498960

Dagum 577405 577916 497419 497921
Singh-Maddala 576943 577454 497051 497553

Gumbel 621874 622214 535564 535899
Reverse Gumbel 580860 581201 500847 501182

Gamma 577373 577705 497352 497684

Table A3.5: AIC and BIC Copula Specification

Women Men

Copula AIC BIC AIC BIC

Gaussian 1207763 1208943 1049535 1050700
Ali-Mikhail-Haq 1207782 1208963 1049544 1050688

Frank 1207780 1208960 1049538 1050691
Farlie-Gumbel- 1207780 1208960 1049543 1050687

Morgenstern
Plackett 1207780 1208960 1049539 1050692
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Figure A3.7: Histogram and QQ-plot for model residuals for women

Histogram and Density Estimate of Residuals
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Figure A3.8: Histogram and QQ-plot for model residuals for men
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3.A.3 Results women

This section shows the respective parameter estimates in Table A3.6-A3.12 and

splines in Figure A3.9 for the distribution parameter of the marginals θ1 − θ7 for

the sample of women.

Table A3.6: Estimates for copula parameter θ1 for women

Estimate Std. Error z value Pr(>|z|)
None 8.050 0.142 56.565 0.000
Preschool 1.855 1.703 1.089 0.276
Primary -0.049 0.124 -0.391 0.696
secondary -0.080 0.131 -0.615 0.539
High-school -0.271 0.136 -1.997 0.046
Normal -0.488 0.296 -1.648 0.099
Technical/commercial -0.411 0.152 -2.696 0.007
Professional -0.403 0.139 -2.897 0.004
Master -0.529 0.244 -2.173 0.030
PhD -0.660 0.393 -1.678 0.093
Indigenous -0.392 0.084 -4.667 0.000
Urban -0.071 0.058 -1.240 0.215
Child 1 -0.427 0.079 -5.388 0.000
Child 2 -0.570 0.083 -6.877 0.000
Child 3 -0.406 0.112 -3.623 0.000
Child 4 -0.520 0.188 -2.774 0.006
Child 5 0.000 0.604 0.000 1.000
Partner 0.027 0.065 0.419 0.676

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 179 0.000
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Table A3.7: Estimates for copula parameter θ2 for women

Estimate Std. Error z value Pr(>|z|)
None 8.192 0.048 169.331 0.000
Preschool 0.230 0.174 1.325 0.185
Primary 0.131 0.042 3.131 0.002
secondary 0.244 0.044 5.493 0.000
High-school 0.282 0.050 5.609 0.000
Normal 1.104 0.133 8.301 0.000
Technical/commercial 0.469 0.066 7.063 0.000
Professional 0.800 0.055 14.453 0.000
Master 1.369 0.099 13.804 0.000
PhD 1.368 0.271 5.041 0.000
Indigenous -0.364 0.044 -8.356 0.000
Urban 0.272 0.023 11.635 0.000
Child 1 -0.190 0.028 -6.723 0.000
Child 2 -0.363 0.031 -11.908 0.000
Child 3 -0.527 0.039 -13.370 0.000
Child 4 -0.668 0.075 -8.921 0.000
Child 5 -0.825 0.122 -6.773 0.000
Partner -0.638 0.023 -27.959 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 62.91 0.000

Table A3.8: Estimates for copula parameter θ3 for women

Estimate Std. Error z value Pr(>|z|)
None 0.462 0.026 17.451 0.000
Preschool -0.088 0.100 -0.872 0.383
Primary 0.026 0.021 1.240 0.215
Secondary 0.036 0.025 1.461 0.144
High-school 0.085 0.028 3.040 0.002
Normal 0.073 0.072 1.012 0.311
Technical/commercial 0.090 0.033 2.690 0.007
Professional 0.088 0.029 2.995 0.003
Master 0.047 0.068 0.680 0.497
PhD 0.263 0.150 1.747 0.081
Indigenous 0.041 0.024 1.743 0.081
Urban 0.007 0.014 0.482 0.629
Child 1 0.085 0.021 4.033 0.000
Child 2 0.116 0.023 5.007 0.000
Child 3 0.040 0.029 1.380 0.168
Child 4 0.062 0.053 1.171 0.241
Child 5 0.086 0.102 0.842 0.400
Partner -0.011 0.016 -0.683 0.495

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 97.6 0.000
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Table A3.9: Estimates for copula parameter θ4 for women

Estimate Std. Error z value Pr(>|z|)
None 1.238 0.040 30.681 0.000
Preschool 0.249 0.235 1.059 0.289
Primary -0.118 0.035 -3.402 0.001
Secondary -0.175 0.037 -4.669 0.000
High-school -0.383 0.040 -9.653 0.000
Normal -0.165 0.097 -1.698 0.089
Technical/commercial -0.334 0.047 -7.108 0.000
Professional -0.532 0.041 -13.092 0.000
Master -0.419 0.070 -5.938 0.000
PhD -0.378 0.187 -2.016 0.044
Indigenous -0.128 0.034 -3.763 0.000
Urban 0.089 0.020 4.490 0.000
Child 1 0.099 0.024 4.187 0.000
Child 2 0.063 0.025 2.490 0.013
Child 3 -0.003 0.032 -0.092 0.927
Child 4 -0.019 0.061 -0.306 0.760
Child 5 -0.142 0.093 -1.527 0.127
Partner 0.010 0.019 0.519 0.604

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 139.8 0.000

Table A3.10: Estimates for copula parameter θ5 for women

Estimate Std. Error z value Pr(>|z|)
None 1.502 0.172 8.752 0.000
Preschool 2.940 2.658 1.106 0.269
Primary -0.018 0.149 -0.118 0.906
Secondary -0.075 0.158 -0.474 0.635
High-school -0.255 0.165 -1.544 0.123
Normal -0.508 0.353 -1.440 0.150
Technical/commercial -0.401 0.185 -2.169 0.030
Professional -0.378 0.168 -2.247 0.025
Master -0.439 0.288 -1.525 0.127
PhD -0.344 0.573 -0.599 0.549
Indigenous -0.384 0.102 -3.773 0.000
Urban -0.111 0.071 -1.556 0.120
Child 1 -0.274 0.097 -2.813 0.005
Child 2 -0.372 0.102 -3.635 0.000
Child 3 -0.139 0.137 -1.013 0.311
Child 4 -0.193 0.231 -0.832 0.405
Child 5 0.489 0.837 0.585 0.559
Partner 0.023 0.079 0.290 0.772

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 88.63 0.000
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Table A3.11: Estimates for copula parameter θ6 for women

Estimate Std. Error z value Pr(>|z|)
None -0.666 0.090 -7.369 0.000
Preschool -0.156 0.451 -0.345 0.730
Primary 0.174 0.078 2.219 0.026
Secondary 0.344 0.085 4.069 0.000
High-school 0.707 0.093 7.564 0.000
Normal 0.283 0.245 1.158 0.247
Technical/commercial 0.554 0.118 4.697 0.000
Professional 0.695 0.096 7.206 0.000
Master 0.555 0.172 3.237 0.001
PhD 0.485 0.471 1.030 0.303
Indigenous 0.006 0.077 0.082 0.935
Urban 0.069 0.045 1.545 0.122
Child 1 -0.046 0.054 -0.860 0.390
Child 2 0.062 0.058 1.073 0.283
Child 3 0.208 0.076 2.734 0.006
Child 4 0.281 0.148 1.901 0.057
Child 5 0.355 0.219 1.623 0.105
Partner 0.259 0.042 6.183 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 112.3 0.000

Table A3.12: Estimates for copula parameter θ7 for women, n = 36223

Estimate Std. Error z value Pr(>|z|)

Intercept -0.059 0.028 -2.134 0.033
Preschool 0.027 0.159 0.169 0.866
Primary 0.089 0.025 3.622 0.000
Secondary 0.074 0.026 2.834 0.005
High-school 0.074 0.028 2.613 0.009
Normal 0.068 0.069 0.983 0.326
Technical/commercial 0.144 0.034 4.288 0.000
Bachelor 0.085 0.029 2.954 0.003
Master 0.291 0.049 5.918 0.000
PhD 0.191 0.108 1.766 0.077
Indigenous 0.048 0.022 2.220 0.026
Urban -0.030 0.013 -2.291 0.022
Child 1 0.037 0.016 2.327 0.020
Child 2 0.054 0.017 3.211 0.001
Child 3 0.030 0.022 1.387 0.165
Child 4 0.022 0.039 0.571 0.568
Child 5 -0.077 0.070 -1.110 0.267
Partner 0.003 0.013 0.221 0.825

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 15.93 0.000

84



Figure A3.9: Smooth Spline Women θ1-θ7 for age

20 40 60 80 100

0
2

4
6

 θ1

EDAD

s(
E

D
A

D
,2

)

20 40 60 80 100

−
1.

5
−

0.
5

 θ2

EDAD

s(
E

D
A

D
,2

)
20 40 60 80 100

−
0.

5
−

0.
3

−
0.

1

 θ3

EDAD

s(
E

D
A

D
,2

)
20 40 60 80 100

−
1.

0
−

0.
6

−
0.

2
0.

2

 θ4

EDAD

s(
E

D
A

D
,2

)

20 40 60 80 100

0
2

4
6

 θ5

EDAD

s(
E

D
A

D
,2

)

20 40 60 80 100

−
0.

5
0.

5
1.

5
2.

5

 θ6

EDAD

s(
E

D
A

D
,2

)

20 40 60 80 100

0.
0

0.
1

0.
2

0.
3

 θ7

EDAD

s(
E

D
A

D
,2

)

85



3.A.4 Results men

This section shows the respective parameter estimates in Table A3.13-A3.19 and

splines in Figure A3.10 for the distribution parameter of the marginals θ1 − θ7 for

the sample of men.

Table A3.13: Estimates for copula parameter θ1 for men

Estimate Std. Error z value Pr(>|z|)

Intercept 7.691 0.167 46.148 0.000
Preschool 1.476 2.515 0.587 0.557
Primary 0.282 0.144 1.966 0.049
Secondary 0.083 0.148 0.564 0.573
High-school -0.044 0.154 -0.285 0.776
Normal 0.840 0.595 1.410 0.158
Technical/commercial 0.050 0.217 0.230 0.818
Bachelor 0.104 0.162 0.640 0.522
Master -0.190 0.220 -0.864 0.387
PhD -0.149 0.371 -0.400 0.689
Indigenous 0.014 0.110 0.128 0.898
Urban -0.111 0.070 -1.597 0.110
Child 1 0.066 0.082 0.800 0.424
Child 2 -0.107 0.081 -1.319 0.187
Child 3 0.359 0.147 2.443 0.015
Child 4 0.193 0.303 0.639 0.523
Child 5 0.072 0.324 0.224 0.823
Partner -0.284 0.079 -3.597 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 136.2 0.000
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Table A3.14: Estimates for copula parameter θ2 for men

Estimate Std. Error z value Pr(>|z|)

Intercept 8.161 0.062 131.298 0.000
Preschool 0.390 0.106 3.687 0.000
Primary 0.180 0.054 3.312 0.001
Secondary 0.258 0.057 4.511 0.000
High-school 0.404 0.060 6.732 0.000
Normal 1.178 0.219 5.379 0.000
Technical/commercial 0.709 0.083 8.578 0.000
Bachelor 0.757 0.064 11.804 0.000
Master 1.119 0.141 7.923 0.000
PhD 1.520 0.195 7.809 0.000
Indigenous -0.223 0.044 -5.087 0.000
Urban 0.315 0.027 11.804 0.000
Child 1 -0.252 0.030 -8.284 0.000
Child 2 -0.452 0.032 -14.258 0.000
Child 3 -0.615 0.043 -14.179 0.000
Child 4 -0.617 0.078 -7.872 0.000
Child 5 -0.801 0.126 -6.367 0.000
Partner -0.459 0.031 -14.890 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 106.4 0.000

Table A3.15: Estimates for copula parameter θ3 for men

Estimate Std. Error z value Pr(>|z|)

Intercept 0.586 0.039 14.849 0.000
Preschool -0.527 0.169 -3.124 0.002
Primary -0.054 0.032 -1.685 0.092
Secondary -0.021 0.035 -0.605 0.545
High-school 0.018 0.038 0.463 0.643
Normal -0.055 0.089 -0.618 0.537
Technical/commercial -0.076 0.056 -1.363 0.173
Bachelor -0.050 0.038 -1.314 0.189
Master -0.027 0.064 -0.427 0.669
PhD -0.045 0.121 -0.369 0.712
Indigenous -0.006 0.026 -0.211 0.833
Urban 0.002 0.017 0.125 0.900
Child 1 -0.048 0.022 -2.153 0.031
Child 2 -0.028 0.024 -1.177 0.239
Child 3 -0.111 0.031 -3.593 0.000
Child 4 -0.191 0.062 -3.105 0.002
Child 5 0.091 0.098 0.927 0.354
Partner 0.023 0.019 1.177 0.239

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 100.7 0.000
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Table A3.16: Estimates for copula parameter θ4 for men

Estimate Std. Error z value Pr(>|z|)

Intercept 1.067 0.045 23.820 0.000
Preschool 0.945 0.355 2.663 0.008
Primary -0.053 0.039 -1.357 0.175
Secondary -0.136 0.042 -3.229 0.001
High-school -0.260 0.044 -5.934 0.000
Normal -0.151 0.149 -1.017 0.309
Technical/commercial -0.113 0.066 -1.715 0.086
Bachelor -0.476 0.043 -11.003 0.000
Master -0.565 0.062 -9.088 0.000
PhD -0.463 0.104 -4.456 0.000
Indigenous 0.027 0.038 0.705 0.481
Urban 0.119 0.020 5.827 0.000
Child 1 -0.031 0.024 -1.322 0.186
Child 2 -0.084 0.024 -3.509 0.000
Child 3 -0.111 0.032 -3.438 0.001
Child 4 -0.052 0.068 -0.764 0.445
Child 5 -0.256 0.098 -2.624 0.009
Partner 0.144 0.021 6.959 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 182.4 0.000

Table A3.17: Estimates for copula parameter θ5 for men

Estimate Std. Error z value Pr(>|z|)

Intercept 1.060 0.200 5.311 0.000
Preschool 1.272 2.266 0.561 0.575
Primary 0.263 0.171 1.539 0.124
Secondary 0.049 0.177 0.279 0.780
High-school -0.092 0.185 -0.500 0.617
Normal 0.941 0.785 1.198 0.231
Technical/commercial 0.018 0.253 0.073 0.942
Bachelor 0.141 0.193 0.730 0.465
Master -0.177 0.260 -0.680 0.496
PhD -0.194 0.430 -0.452 0.652
Indigenous 0.085 0.134 0.637 0.524
Urban -0.157 0.085 -1.845 0.065
Child 1 0.242 0.099 2.430 0.015
Child 2 0.088 0.098 0.892 0.372
Child 3 0.657 0.179 3.668 0.000
Child 4 0.392 0.330 1.185 0.236
Child 5 0.152 0.451 0.336 0.737
Partner -0.221 0.094 -2.347 0.019

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 54.8 0.000
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Table A3.18: Estimates for copula parameter θ6 for men

Estimate Std. Error z value Pr(>|z|)

Intercept -0.349 0.109 -3.207 0.001
Preschool -0.839 0.480 -1.749 0.080
Primary -0.011 0.097 -0.118 0.906
Secondary 0.264 0.103 2.561 0.010
High-school 0.388 0.107 3.621 0.000
Normal 0.034 0.371 0.091 0.927
Technical/commercial 0.048 0.155 0.310 0.757
Bachelor 0.553 0.108 5.101 0.000
Master 0.822 0.198 4.151 0.000
PhD 0.582 0.284 2.045 0.041
Indigenous -0.308 0.081 -3.822 0.000
Urban 0.013 0.048 0.281 0.779
Child 1 0.159 0.055 2.874 0.004
Child 2 0.334 0.057 5.824 0.000
Child 3 0.448 0.080 5.588 0.000
Child 4 0.288 0.157 1.836 0.066
Child 5 0.538 0.220 2.446 0.014
Partner 0.041 0.050 0.826 0.409

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 188.8 0.000

Table A3.19: Estimates for copula parameter θ7 for men, n = 31112.

Estimate Std. Error z value Pr(>|z|)

Intercept 0.058 0.094 0.622 0.534
Preschool -9.527 1027.869 -0.009 0.993
Primary -0.074 0.089 -0.827 0.408
Secondary -0.004 0.093 -0.047 0.963
High-school -0.008 0.097 -0.085 0.932
Normal -0.189 0.264 -0.716 0.474
Technical/commercial -0.067 0.133 -0.501 0.616
Bachelor -0.004 0.098 -0.036 0.971
Master -0.061 0.153 -0.398 0.691
PhD -0.383 0.319 -1.199 0.231
Indigenous 0.134 0.067 1.984 0.047
Urban -0.024 0.042 -0.579 0.563
Child 1 -0.055 0.051 -1.075 0.282
Child 2 -0.073 0.053 -1.366 0.172
Child 3 -0.094 0.070 -1.344 0.179
Child 4 -0.006 0.128 -0.048 0.961
Child 5 -0.499 0.274 -1.822 0.068
Partner 0.046 0.046 1.006 0.314

Smooth components’ approximate significance:
edf Ref.df Chi.sq p-value

Age 2 2 9.397 0.009
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Figure A3.10: Smooth spline men θ1-θ7 for age
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4 Money, unpaid work and leisure: the
challenges of measuring time and in-
come poverty

Abstract

A full understanding of patterns of deprivation requires accurate mea-
sures of income, time devoted to unpaid work and leisure as well as an
analysis of the substitutability between these. While several estimates of
vulnerability to time and income poverty have been developed, they are
based on very different definitions and assumptions. This paper provides
a critical analysis of approaches developed by Vickery (1977), Bardasi and
Wodon (2010), Zacharias et al. (2012) and Dorn et al. (2021), focusing on
differences in the treatment of income, time poverty, unit of analysis and
substitutability between time and money. This comparison provides path-
ways for a holistic three-dimensional measure.
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4.1 Introduction

Bidimensional time and income poverty is particularly relevant to an understand-

ing of gender inequality. Women most often face a double work burden in paid

and unpaid work, that benefits the household production of goods and services

but restricts the quantity and quality of their individual leisure time (Badgett

and Folbre, 1999). However, approaches to time and income poverty by Vickery

(1977), Zacharias et al. (2012), Bardasi and Wodon (2010) and Dorn et al. (2021)

differ in at least six aspects: 1) the definition of income poverty, 2) time poverty,

3) the consideration of the value of unpaid work to household income and con-

sumption, 4) the substitutability between income and unpaid work as well as 5)

substitutability between income and leisure and 6) the definition of poverty thresh-

olds.1 Understanding these differences provide pathways to a holistic assessment

of time and income poverty.

A satisfactory estimation of time and income poverty requires attention to in-

come, unpaid work and leisure. Unpaid household services are necessary for the

sustenance of a household, as they add to its consumption and well-being. At the

same time, household members need adequate leisure and self-care for personal

well-being. Minimum levels of income and non-work time are necessary for the de-

velopment and maintenance of human capabilities (Sen, 1976; Merz and Rathjen,

2014; Dorn et al., 2021). Omitting any one of these three dimensions leads to a

distorted picture.

Substitutability among these three dimensions also requires attention. Measures of

extended income acknowledge its value added to family consumption, by adding

a monetary value for it to household income (Folbre et al., 2017). Yet, these

estimates often rely on assumptions of linear substitutability, an unlikely case

due to diminishing marginal productivity of unpaid work and non-substitutable

minima of money and unpaid work for the sustenance of a household. In addition,

1The compensation approach developed by Merz and Rathjen (2014) assumes constant elas-
ticity of substitution between leisure and income. Their approach is based on utility reasoning.
To determine their bidimensional poverty line, they make use of satisfaction measures (Merz
and Rathjen, 2014). Due to this assumption the approach differs significantly from the other
approaches and will thus not be considered in the following methodological comparison of bidi-
mensional time and income poverty approaches.
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a minimum of leisure is required for individual well-being above which it needs

information on the substitutability of leisure, money and unpaid work.

The division of income in the household influences individual well-being. Due

to a lack of data, most often research needs to make assumptions regarding the

income distribution at home. Unequal power relations in the household make equal

sharing an unlikely case. As a result, poor individuals can live in households that

are considered above the poverty line (Klasen and Lahoti, 2021; Brown et al., 2021).

Therefore, household measures and equal income per capita measures potentially

understate income poverty, especially among women.

Poverty thresholds can be set in absolute or relative terms. Absolute poverty

thresholds are based on assumptions regarding the minimum to meet basic needs.

They are often linked to a food baskets based on calorie intake and thereby do

not account for the impact of rising living standards or inequality within a society.

Relative measures take these aspects into account, often by setting a threshold

equivalent to a certain percentage of median household income. However, it is

difficult to specify absolute or relative thresholds for time devoted to unpaid work

or leisure as well as minima for income, unpaid work and leisure, as information

is lacking on household-specific income and time necessities.

The remainder of this paper is structured as follows: Section 4.2 evaluates the the-

oretical frameworks of bidimensional time and income poverty by Vickery (1977),

Bardasi and Wodon (2010), Zacharias et al. (2012) and Dorn et al. (2021). Sec-

tion 4.3 discusses these approaches and provides pathways for a more complete

measure. Section 4.4 concludes.

4.2 Theoretical frameworks of bidimensional

time and income poverty

To understand more comprehensive approaches to bidimensional time and income

poverty one can build upon two basic frameworks: the union and the intersection

approach. Figure 4.1 visualizes these two approaches, specifying separate thresh-

olds for leisure (T0) and income (I0). Bidimensional poverty can be defined either
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by the union (dark and light grey area) of the two areas under the thresholds or

by their intersection (dark grey area).

Figure 4.1: Intersection and union approach

4.2.1 Vickery 1977

Vickery (1977) develops a purely household-based approach using monetary income

and total hours of adult household members for paid and unpaid work. The time

that remains after accounting for a minimal amount of hours for sleep, rest, eating,

personal care and leisure defines the available hours of an adult household member

for paid and unpaid work. Given a household has more than one adult member,

their hours are added to total household hours available for paid and unpaid work

(see Figure 4.2). T2 indicates the maximum amount of hours worked by adults in

the household without affecting their well-being, based on assumptions regarding

the necessary time for leisure and personal care. Vickery (1977) states that each

household needs minimum levels of time for unpaid work (T0) and income (I0) that

are not substitutable. T1 specifies the required number of hours spend on unpaid

household work. This means, if a household is below T1 it needs more income to

compensate for lack of unpaid work. If it is beyond T1 unpaid work makes no

contribution to living standards. A household requires T1 if market income is I0.
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Figure 4.2: Poverty threshold curve by Vickery (1977)

Likewise, a household needs I1 given T0 hours for unpaid work to be non-poor. In

between T0 and T1 and I0 and I1 market income and hours spent on unpaid work

are non-linear substitutes. Vickery (1977) therefore proposes a poverty threshold

curve for the minimal combinations of total adult hours for paid and unpaid work

and market income, illustrated by the green line between AB in Figure 4.2, which

is an isoquant.

This approach is a household-based measure. In her analysis, Vickery (1977) was

focusing on single-parent versus two-parent households, in which she explicitly

notes that most breadwinner/homemaker households would have way more ’excess’

hours. However, she does not propose to include any value for unpaid work into the

income measure. Nonetheless, by considering both, meaning paid and unpaid work,

she does acknowledge the benefits and relevance of unpaid work for household well-

being and by setting a level of necessary leisure it acknowledges personal well-being.

4.2.2 Zacharias et al. 2012

The Levy Institute Measure of Time and Income Poverty (LIMTIP) implemented

by Zacharias et al. (2012) empirically builds upon Vickery (1977) but uses an

individual time-use measure to account for gender differences. Zacharias et al.
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(2012) specify the individual time deficit measure as follows:

Xij = 168−M − αijRj − Lij (4.1)

Xij describes the time deficit of a working age individual i in household j. It is

the difference of 168 hours a week subtracted by M , the minimum required time

for personal care and non-substitutable household activities such as sleep, clean-

ing, eating, drinking, hygiene and dressing. Rj specifies the substitutable unpaid

household production time (between household members) required to subsist at

the poverty level of income. The LIMTIP arbitrarily sets values or uses data-

driven averages for M and Rj. αij represents the share of an individual i of Rj.

Lij denotes the individual time spent on income generation (wage or own-account

employment) including commute, calculated by the average commute time of ob-

served work days per week. These time deficits cannot be substituted between

household members. This means the household is time poor if any of its members

has a time deficit (Zacharias et al., 2012).

The LIMTIP adjusts the household income poverty line by monetizing the house-

hold time deficits. To calculate the adjusted poverty line they use a unit replace-

ment cost, which Zacharias et al. (2012) for example suggest to be the average

hourly wage of domestic workers in their study of Mexico. The monthly time

deficit is multiplied by the unit replacement cost and added to the official poverty

threshold for the household and is defined as follows:

y0
j = ȳ −min(0, Xj)p (4.2)

y0
j defines the adjusted threshold of a household j. ȳ is the threshold for a house-

hold without time deficit (the default for all households). Xj is the household time

deficit, which is the sum of the time deficit of all household members Xij. p defines

the unit replacement cost.

This measure defines households as “hidden” poor if the household members work

long hours for pay and would fall below the income poverty line, when purchas-

ing market substitutes for their inability to meet their unpaid responsibilities
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(Zacharias et al., 2012; Antonopoulos et al., 2017). In this sense the LIMTIP

asymmetrically allows for the inclusion of extended income. They account for

households that cannot compensate a time loss in unpaid household production

with income but do not account for households that can compensate a certain

amount of income loss with unpaid household production.

Figure 4.3 illustrates the LIMTIP approach. The blue line defines the poverty

threshold line. T0 defines the threshold where Xj is zero and the area left of this

threshold describes a household having a time deficit. At this point, the income

poverty line is adjusted, thus, the y-axis partly describes extended income between

I0, which is the income poverty line threshold for households without time deficit

and I1, the poverty threshold for the adjusted income poverty line.

Figure 4.3: LIMTIP approach by Zacharias et al. (2012)

4.2.3 Bardasi and Wodon 2010

Bardasi and Wodon (2010) define individuals as time and consumption poor if the

individual is spending more time on paid and unpaid work than the time poverty

threshold and lives in a consumption-poor household or in a household that would

become consumption poor if the individual was to reduce his or her paid working
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hours to below the time poverty line. Put differently, time poverty relates to a lack

of enough time for rest and leisure. The time measure represents the total number

of hours individuals spend on wage work, unpaid household services (not including

child care) and production of goods for own consumption, including collection of

water and wood. They exclude child care time because the data set they utilize

does not include this information. Individuals are defined as time poor if they

spend too much time on paid and unpaid work combined, leaving insufficient time

for leisure. Individuals are defined as consumption poor if they live in a household

with consumption below a consumption poverty line. Consumption is defined

as the sum of market expenditures plus the value of goods (but not services)

produced for own consumption. The adjusted income poverty line represents the

thresholds for those households that would fall below that poverty line, if at least

one household member would reduce their paid work hours in order to stay out of

time poverty. Bardasi and Wodon (2010) impute the wage or an estimated wage of

the individual to calculate the adjusted income poverty line. In their application,

they set the time poverty level to an absolute value of 50 hours a week and compare

it to a relative value of 1.5 times the weekly median time used for paid and unpaid

work, which they calculate to be 70.5 hours per week.

Figure 4.4 illustrates the time and consumption poverty line proposed by Bardasi

and Wodon (2010). T0 defines the threshold for time poverty as working too many

hours in paid and unpaid work. I0 indicates the consumption poverty thresh-

old and I1 the extended consumption threshold. Bardasi and Wodon (2010) add

paid and unpaid work to define total work but provide no threshold for unpaid

work, while they consider the impact of reducing paid working hours on house-

hold consumption. In Figure 4.4 time poverty is pictured by exceeding T0. As a

comparison, Figure 4.5 shows time poverty as falling below T0 specifying a lack of

time for leisure and rest, which results from long paid and unpaid working hours.

The shaded area represents the space in which an individual is defined as time

and income poor. Note that Figure 4.5 is similar to Figure 4.3 but the axes are

differently specified.
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Figure 4.4: Poverty threshold by Bardasi and Wodon (2010) with the total of
paid and unpaid work as time measure

Figure 4.5: Poverty threshold by Bardasi and Wodon (2010) with leisure and rest
as time measure

4.2.4 Dorn et al. 2021

Dorn et al. (2021) develop a bivariate relative poverty line (BRPL) that is an

99



individual-specific time and income poverty measure. The individual leisure time

measure is based on own reported time for things people enjoy. The individual

income share is defined by the expenditure share of the household for male and

female household members. This measure is based on consumption rather than

income and therefore assumes that households do not save nor borrow money and

access to income is equal to the gendered expenditures. This measure also does

not take into account the contribution that unpaid household services make to

household consumption. The relative level of the poverty threshold is set to a

quantile of the joint distribution of income and leisure – joint observations of time

and income in the underlying data.

Figure 4.6 illustrates the BRPL approach. I0 is the individual market income

threshold and T0 the individual leisure threshold. The BRPL, indicated by the

red line, is asymptotic to both separate thresholds. It looks similar to the approach

by Vickery (1977) in Figure 4.2 but differs from it by using individual leisure time

and individual market income share. The strength of the correlation between

income and time shapes the space above the separate thresholds of leisure and

income but below the BRPL, illustrated by the dark grey area. Thus the stronger

the relationship, this space grows or diminishes but, by definition, will not be

below the absolute thresholds. Thus, the BRPL represents the substitutability as

defined by the joint distribution of leisure and income in the data. As a result, it

makes fewer assumptions regarding substitutability between market income and

leisure. This approach is particularly relevant to understand women’s vulnerability

to poverty, because many fall into the dark grey space. Dorn et al. (2021) show

that in Mexico 4 percentage points more women, in particular non-indigenous low-

educated women, compared to men fall into this space. It illuminates insights to

those living at the margin of society but above absolute poverty, expected to be

women intersecting with other characteristics such as age, ethnicity and education

(Dorn et al., 2021).
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Figure 4.6: Bivariate relative poverty line by Dorn et al. (2021)

4.2.5 Summary of approaches

Table 4.1 summarizes the time and income poverty approaches of Vickery (1977),

Bardasi and Wodon (2010), the LIMTIP by Zacharias et al. (2012) and Dorn et al.

(2021) according to the time and income measures used, whether the measure im-

putes a value for unpaid household services for household consumption, whether

the measure allows for substitutability between money and unpaid work as well

as money and leisure and how it defines thresholds. All four measures vary signif-

icantly in these categories as outlined above. The next section further discusses

Table 4.1.
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Table 4.1: Comparision of methodological assumptions for time-poverty estimates

Vickery (1977)
LIMTIP
Zacharias et al.
(2012)

Bardasi and Wodon
(2010)

Dorn et al. (2021)

Income measure household household household individual

Time measure
household
adult hours for paid
and unpaid work

individual
unpaid work

individual
hours for paid
and unpaid work

individual
leisure

Imputes a value
for unpaid household
services for household
consumption

threshold-based threshold-based no no

Substitutability
between money
and unpaid work

non-linear

assumptions
regarding minimum
requirements and a
linear tradeoff
between unpaid
work and money

no no

Substitutability
between money
and leisure

linear linear linear
non-linear
data-driven

Threshold
definition

absolute absolute
absolute and
relative

relative

4.3 Discussion

Differences among the measures outlined in Table 4.1 provide insights into the

difficulties of operationalizing measures of time and income poverty: none of the

measures provides a complete picture.

By using household measures of income Vickery (1977), Bardasi and Wodon (2010)

and Zacharias et al. (2012) leave intra-household inequality in access to income

unexplored. Thus, if a household is defined income poor, any individual within it

is likewise defined income poor. However, household members may not have the

same access to the household income, leading to income poor individuals in above

poverty households (Klasen and Lahoti, 2021; Brown et al., 2021). Dorn et al.

(2021) provide a measure for individual access to household income and thereby

show that equal income sharing is unlikely, resulting in higher vulnerability for

women to time and income poverty.
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Understanding time poverty depends largely on the definition of the time measure.

Three uses for time are important for household and individual well-being: hours

spent on paid work, hours spent on unpaid work and hours spent on leisure. None

of the approaches reviewed here provide adequate measurement of all three. Vick-

ery (1977) uses total adult hours available in the household, which accounts for

household-level resources but leaves individual deprivations unconsidered. Time

deficit measures implemented by Bardasi and Wodon (2010) and Zacharias et al.

(2012) account for missing hours for individual care or housework due to long hours

of wage work but do not incorporate the potential contributions to household con-

sumption of extra hours spent on unpaid work. The approach by Dorn et al.

(2021) does also not incorporate these contributions, though it utilizes individual

measures of leisure.

The full value of unpaid work for household consumption is almost certainly un-

derstated by Vickery (1977) and Zacharias et al. (2012), who only acknowledge the

value of unpaid work up to a minimum threshold. Both provide estimates of non-

substitutable time for unpaid work necessary to sustain a household. Zacharias

et al. (2012) only acknowledge households with a high burden of market work.

Households that can compensate a certain amount of income loss with unpaid

household production are not considered, let alone being defined as non-poor.

A clear picture of time and income poverty requires two considerations of substi-

tutability: first, minimum thresholds for leisure time and unpaid work time and

income below which there is no sustainability and second, their substitutability

above these thresholds. As much as it needs a certain amount of money, every

household and individual needs a certain amount of time to care for oneself and

others to survive. Thus, absolute minima of any of the means cannot be offset

by above poverty levels of the other. However, above these minima different com-

binations of leisure time, unpaid work time and income can provide non-poverty

standards of living. Their substitutability may most likely not be linear.

Up to a certain level time and income are non-substitutable. Thresholds need to

be set in relation to the other resource. Single income and time thresholds for

time and income might still be above possible minima, due to substitutability.
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This minimum is difficult to determine. Zacharias et al. (2012) acknowledge this

necessary minimum as non-substitutable household activities as well as a minimum

for leisure. Both were set arbitrarily for the countries under consideration, with for

example 14 hours per week for leisure and 7 hours per week for non-substitutable

household activities in Mexico (Zacharias et al., 2012). Dorn et al. (2021) indirectly

acknowledge minima for income and leisure, by setting the relative level equal to

the official poverty line of the country under consideration. This approximation

allows to set a minimum level, below which the bivariate relative poverty line never

lies. Still, the appropriate (relative) level remains difficult to determine, without

reliable data on necessary time for leisure.

The measures differ in allowing for the substitutability between money and unpaid

work on the household level. Vickery (1977) assumes non-linear substitution in a

certain area above the separate thresholds of household adult hours for paid and

unpaid work and household income. Zacharias et al. (2012) assume linear trade-

offs between unpaid work time and money after a threshold of non-substitutable

time for unpaid work of an individual. This threshold is arbitrarily set. In con-

trast, Bardasi and Wodon (2010) and Dorn et al. (2021) do not account for the

substitutability between money and unpaid work.

On the individual level the measures differ by accounting for the substitutability

between money and leisure. While Vickery (1977), Bardasi and Wodon (2010)

and Zacharias et al. (2012) assume linear substitutability, Dorn et al. (2021) show

non-linear substitutability by a data-driven approach. To account for non-linear

substitutability, which empirical analyses show to be the case, one either need

weights for index measures or bivariate approaches that allow for the interplay

of separate determinants. As substitutability might vary over the range of the

variable, an empirical approach provides information of substitutability without

having to make assumptions up front.

It follows, that a holistic time and income poverty measure needs to account more

consistently for monetary income, unpaid work and its contribution to extended

income, consumption and leisure. As discussed, both monetary income and un-

paid work contribute to household consumption, while leisure is important to per-
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sonal well-being. As time and income poverty analyses are particularly relevant to

evaluate gendered inequality, measures of income, consumption and leisure need

to be individual specific. One can think of two ways to provide an appropriate

estimate. Either by developing a bidimensional approach, which appropriately ac-

knowledges the value of unpaid work in its income measure, or by developing a

three-dimensional measure.

The valuation of unpaid work remains difficult. Extended income accounts for the

value of unpaid work by including a replacement cost for hours spent on unpaid

work. However, the relationship between unpaid work and paid work remains

relevant and is barely solved in any of the approaches nor in current discussions

of extended income. Using extended income is most often equal to assuming

linear substitutability between paid and unpaid work. However, this assumption

is rather unrealistic due to marginal productivity in the household or required

minima of both paid and unpaid work to sustain a household. Thus, an appropriate

extended income measure needs to account for non-substitutable thresholds of

money and unpaid work and their potentially non-linear substitutability. Further,

equivalence scales enable inter-household comparisons and disaggregate extended

income to the individual level. These equivalence scales have to take into account

that consumption of money between household members differs to consumption

of unpaid household services. An adult might need more money for food, while a

toddler needs more unpaid household services, in other words care.

A three-dimensional measure includes separate measures of money, unpaid work

and leisure. The difficulty of determining non-substitutable thresholds remains.

However, it may be of an advantage to use separate equivalence scales for money

and unpaid work. Therefore, developing a mathematical tool that estimates a

three-dimensional relative poverty line can take these components into account.

Such a tool could build upon Dorn et al. (2021) by estimating the joint proba-

bility of leisure time, unpaid work time and money. Further, it would provide

a data-driven estimate of the substitutability among all three measures. This

three-dimensional measure, thus, relies on less assumptions than a bidimensional

approach using extended income.
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In both cases, more data is required to be able to calculate the separate deter-

minants and non-substitutable thresholds. Current time-use surveys often leave

aspects like supervisory care or simultaneously done tasks unconsidered. Likewise,

it is difficult to specify absolute or relative thresholds of non-substitutable time

and income, as information is lacking on household specific time necessities and

income sharing.

4.4 Conclusion

The discussion of the four approaches uncovers the relevant aspects to a complete

picture of time and income poverty. An all-encompassing measure needs to take

into account three determinants: monetary income, unpaid work and leisure. Mon-

etary income and unpaid work contribute to household consumption, while leisure

provides personal well-being. These three determinants cannot be fully substituted

by one another. Thus, minima thresholds of money, unpaid work and leisure are

necessary. Above these thresholds the poverty measure needs to provide insights

on their substitutability, which is most likely non-linear. Setting an appropriate

level remains a question in place and requires more data on time use and income

division in the household to finally provide a holistic picture of gendered poverty.
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5 The nonlinear dependence of income
inequality and carbon emissions: po-
tentials for a sustainable future ∗

Abstract

High levels of carbon emissions and rising income inequality are intercon-
nected challenges for the global society. Commonly-applied linear regression
models fail to unravel the complexity of bidirectional transmission channels.
In particular, consumption, energy sources, the structure of the economy
and the political system are determinants of the strength and direction of
the dependence between emissions and inequality. To capture their impact,
this study investigates the conditional dependence between income inequal-
ity and emissions by applying distributional copula models on an unbalanced
panel data set of 154 countries from 1960 to 2019. A comparison of high-,
middle-, and low-income countries contradicts a linear relationship and sheds
light on heterogeneous dependence structures implying synergies, trade-offs
and decoupling between income inequality and carbon emissions. Based on
the conditional distribution, we can identify determinants associated with
higher/lower probabilities of a country falling in an area of potential social
and environmental sustainability. The results imply that the joint activation
of multiple channels opens the way for a sustainable future.

∗This chapter is co-authored by Simone Maxand and Thomas Kneib.
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5.1 Introduction

Climate change and rising income inequality are intersecting challenges that re-

quire joint attention for a transition into a socially and environmentally sustainable

future. While it is well-understood how carbon emissions are linked to income it-

self (meaning more production goes along with more carbon emissions (Hickel and

Kallis, 2020)), their link to income inequality is not as immediate. We disentangle

this complexity by identifying how the relation between carbon emissions and in-

come inequality is associated with political systems, structural change, energy mix

and income. We expect these factors to be drivers and thus instruments to achieve

a socially and environmentally sustainable society. For the analysis, we apply

bivariate distributional copula models based on which we study the conditional

strength of the dependence between income inequality and carbon emissions. The

derived conditional distribution allows to calculate probabilities of falling into a

space of potential social and environmental sustainability. In a straightforward

schematic way, this displays the potentials specific country settings have for a

sustainable future.

Multiple channels can influence the dependence structure implying synergies,

trade-offs and decoupling between income inequality and carbon emissions.

Political economy arguments centering around systemic structures like political

framework or energy mix suggest a positive impact of income inequality on

carbon emissions (Roemer, 1993; Mart́ınez Alier, 2002; Roca, 2003; Boyce, 2018).

In the debate around drivers of the Kuznets and environmental Kuznets curve

recent studies show that a structural change of economies from agriculture to

manufacturing and services goes along with increasing inequality and carbon

emissions, suggesting a positive relation between the two (Parrique et al., 2019;

Baymul and Sen, 2019). Theories on the impact of income inequality on carbon

emissions focusing on individual consumption behavior find either positive or

negative effects (Veblen, 1899; Wilkinson et al., 2010; Boyce, 2018; Klasen, 2018).

In the reverse direction, carbon dioxide emissions negatively influence inequality

(Harlan et al., 2015). Furthermore, the carbon emissions of a country are closely

linked to its GDP (Ravallion et al., 2000; Weil, 2012; Hickel and Kallis, 2020).
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Empirical studies see the income level as pivotal for the relationship (Jorgenson

et al., 2016, 2017; Grunewald et al., 2017). To allow for the varying development

paths between country income groups, which heavily rely on energy use, we

divide our sample into high-, middle- and low-income countries (Klasen, 2018).

As no clear causal relation is identifiable, the strength and variety of the depen-

dence can shed insights into the relationship between income inequality and carbon

dioxide emissions. Therefore, we apply bivariate distributional copula regression

models. Mean regression techniques – which usually assume a normal distribution

and stable effects over the range of the variables – investigate the transmission

channels in one correlation direction. By contrast, the present study analyzes the

dependence by integrating income inequality and carbon emissions into a bivariate

outcome vector. The copula captures the conditional dependence structure within

this vector. The distributional regression techniques incorporated in the copula

model facilitate the analysis of non-linear associations between influencing factors

and the relationship of carbon emissions and inequality.

We apply the model to an unbalanced panel data set that comprises 154 coun-

tries over the period from 1960 to 2019. To measure income inequality, we use

the widely-applied GINI measure, which estimates the average income inequality

of a country (Solt, 2020). We use a consumption-based carbon measure, which

locates the use of global carbon emissions by taking into account spatial separa-

tion of production and consumption (Peters et al., 2011). For GINI and carbon

emissions, we propose threshold values that jointly define a potential socially and

environmentally sustainable space. This accounts for the highly diverse regional

impacts of climate change mainly driven by carbon emissions (IPCC, 2014, 2018).

Such regional differences and the influencing factors determine the potential for a

sustainable future.

We find different channels at play related to the strength of the dependence be-

tween inequality and carbon emissions. Both democracy score as well as the share

of fossil energy are associated with the strength of the relationship between in-

come inequality and carbon emissions. The democracy score exhibits a negative

association with the strength of the dependence in high-income countries, but is
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positive in middle-income countries and insignificant in low-income countries. The

share of fossil energy is negatively associated in high- and low-income countries

and positively associated in middle-income countries. In turn the level of GDP

has by far the highest negative association in low-income countries, while it is less

strong and positive in high- and middle-income countries. The share of the ser-

vice sector also influences the relationship between carbon emissions and income

inequality, with a strengthening effect in high-income countries, which is reverse

in low- and middle-income countries. At the same time, high-income countries

have a higher probability of being below the GINI threshold for potential social

sustainability. The reverse holds for middle- and low-income countries for an in-

creasing democracy score as well as a falling share of fossil energy. The decline

of fossil energy leads to higher trade-offs in the middle-income countries inves-

tigated, while the low- and high-income countries studied demonstrate stronger

synergies. Consequently, decoupling from fossil energy is not hampering equality

but is rather favorable for a more equal society in high-income countries. The re-

verse impact in middle- and low-income countries reflects the high dependence on

carbon emissions for their development path (Klasen, 2018). Changing multiple

factors provides potentials to be in the socially and environmentally sustainable

area, in particular in relation to energy mix and structural change.

The following Section 5.2 examines the relation between inequality and emissions

and lays out how current literature develops respective transmission channels.

Section 5.3 explains the distributional copula model and the empirical strategy,

including a description of the cross-country panel data set. Section 5.4 presents

the different results by country groups, and Section 5.5 concludes.

5.2 Relationship between inequality and emis-

sions

We consider potential channels and the associated direction of transmission in

detail by distinguishing between three potential directions: synergies, trade-offs

and decoupling. Table 5.1 summarizes these relationships.
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5.2.1 Synergies

A positive relation between the two variables indicates synergy effects, meaning

that efforts in reducing one of them would help to reduce the other. For instance,

higher income inequality leads to higher environmental degradation as the rich

can lobby to block environmentally-friendly policies, due to higher political power

in unequal societies. From a political economy perspective, political interests or

policies shape individual behavior, influencing the relationship between income

inequality and carbon emissions. Unequal power distributions result in lobbies

that favor the interests of the rich. These lobbies are most often in favor of less

restrictive environmental policies. Rich people often benefit from high emissions

but are at the same time less affected by their adverse effects, as they can more

easily adapt to a changing environment (Boyce, 1994, 2018). Given that power is

correlated with wealth within and between countries, higher income inequality is

most likely associated with higher power inequalities, leading to more environmen-

tal degradation. This leads to more losers of environmental damage, who lack the

power to make the winners pay the cost of the damage that they cause (Boyce,

1994).

The emulation effect, whereby poor people seek to imitate rich people who have

carbon-intensive lifestyles, also suggests synergies. The degree of emulation is

stronger in more unequal societies. In turn, in more egalitarian societies individu-

als do not have to show their status by consuming carbon-intensive status goods.

Consequently, this leads to a positive relation between income inequality and car-

bon emissions (Veblen, 1899; Klasen, 2018). In turn, environmental degradation

can have an impact on income inequality. Human-made climate change leads to

extreme weather events that cause drought, food and water shortage, infectious

diseases, floods or storms (Harlan et al., 2015). These weather events dispropor-

tionately affect the poor. Social groups like people of color, women or indigenous

people are often more severely affected in the long-term, due to discrimination,

social norms or social hierarchies (Mileti, 1999; Kasperson and Kasperson, 2001).
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5.2.2 Trade-offs

A negative association between income inequality and carbon emissions is based

on the so-called ‘individual Kuznets curve’. Individual carbon emissions are low

for both the very rich and the very poor, leading to a U-shape in the relationship

between individual carbon emissions and income, and an overall negative relation-

ship between income inequality and carbon emissions. This theory argues that

rich people live more environmentally-conscious lives, while poor people drop out

of the carbon economy as they have no direct access to energy other than biofuels

(Klasen, 2018). Especially considering low-income countries, high inequality is co-

inciding with a higher share of persons without access to electricity inducing lower

emissions.

A negative relation indicates that there are trade-offs between inequality and car-

bon emissions. Consequently, working on one of them would demand further effort

for dampening the negative side effects on the other goal.

5.2.3 Channels for trade-offs or synergies

We can identify further channels that lead to either a positive or negative associa-

tion depending on, e.g. the state and structure of the economy. Advocates of the

Kuznets and environmental Kuznets curve argue that inequality/carbon emissions

show a u-shaped association with GDP meaning decreasing inequality/emissions

for high levels of GDP. Recent empirical findings contradict both Kuznets curves.

On the one side, GDP per capita growth is understood to be worldwide positively

related to carbon emissions. In this context the feasibility of green growth and

decoupling has been put in the spotlight of recent discussions (see, e.g., Hickel and

Kallis, 2020). On the other side, the literature contends that the relation between

GDP and income inequality is ambiguously described (Anand and Kanbur, 1993;

Milanović, 2000; Weil, 2012; Scholl and Klasen, 2019). We conclude that the as-

sociation of GDP with the strength of dependence between carbon and inequality

can be either positive or negative.

Empirical evidence on the structural change hypothesis postulates – derived from

the Kuznets and environmental Kuznets curve – that a shift to the service sector
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does not necessarily go along with a reduction in carbon emissions nor inequality

(Baymul and Sen, 2019; Fix, 2019; Parrique et al., 2019). Both findings are con-

tradicting the argument in the spirit of the environmental Kuznets curve and the

Kuznets curve: decoupling of carbon emissions and growth is possible by shifting

to the service sector, which is less carbon intensive through direct consumption

(Panayotou et al., 2000). A transformation to a more service based economy does

not necessarily go along with a reduction in raw material and energy use as well

as environmental damage, as the service sector depends on material intensive and

polluting infrastructure (Jespersen, 1999; Suh, 2006; Alcántara and Padilla, 2009;

Fix, 2019; Parrique et al., 2019). At the same time, recent studies on the growth

inequality relationship opposed to the findings of Kuznets (1955) suggesting that

structural transformation proceeds from agriculture to services and goes along

with an increase in inequality (Baymul and Sen, 2019).1 We thus expect that the

service sector is positively associated with the relation between income inequal-

ity and carbon emissions. The direction of the association may be additionally

driven by the type of services. Service jobs traditionally in the public sector have

a different labor/energy composition (Jespersen, 1999). Based on the above men-

tioned reasoning, we expect a positive association in high-income countries and a

negative one in middle- and low-income countries, with a smaller magnitude for

middle-income countries: similar to the structural change of economies, consumers

shift from agricultural products to manufacturing and service goods (Caron and

Fally, 2018; Comin et al., 2021).

Additionally, the energy mix can drive the relationship between income inequality

and carbon emissions. The energy mix influences the amount of a country’s carbon

emissions. For instance, France and Germany are neighboring countries, with a

similar standard of living and income inequality. However, the countries differ in

carbon emissions, with France having a lower average than Germany. The share

of fossil fuel energy varies between the countries as France – like Portugal and the

UK – uses more nuclear or renewable energy. In turn, Germany uses more fossil

fuel energy, especially from coal plants (Ritchie and Roser, 2021). This may lead

1The authors do not give any suggestions on why this relationship occurs. The service sector
refers to trade, transport, business, government and personal services (Baymul and Sen, 2019).
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to a larger range of carbon emissions in relation to a certain inequality level.

Table 5.1: Summary of possible association structures between inequality and
emissions with correlation coefficient ρ, the related characteristics and channels
identified in the literature.

Association Characteristics & consequences Channels

positive (ρ > 0)
synergies,
reducing both jointly

– emulation effect
– political economy, lobbies
– environmental degradation

negative (ρ < 0)
trade-offs,
how to weaken relation

– individual Kuznets curve

positive or negative synergies or trade-offs

– energy mix
– GDP growth
– structural transformation
(service sector)

decoupled (ρ = 0)
no synergies or trade-offs,
independent reduction

– none

5.2.4 Decoupled

If inequality and emissions are not related – i.e. the correlation is zero (or close

to zero) – they are decoupled and the goals can be achieved independently of each

other. This case is difficult to justify empirically as observing no relation might be

caused by counteracting effects that conceal the underlying mechanisms. However,

in our empirical analysis we can identify factors that have a decoupling association

on either a positive or negative relationship between income inequality and carbon

emissions.

5.2.5 Distributional description of the relation

A standard empirical model might face difficulties covering the large variety of

channels between inequality and emissions and their interconnected nature. Ac-

cording to Oswald et al. (2020), energy use increases non-linearly with income,

which suggests heterogeneous dependencies between income and carbon emissions.

Thus, mean regressions do not appropriately account for the dependence and there-

fore, we apply distributional regression techniques instead.
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Figure 5.1 displays possible examples of a negative, positive (with asymmetric

distribution) and no relation between inequality and carbon emissions, illustrated

by contour lines. No relation between inequality and emissions means decoupled

variables (red), a positive relationship (yellow) implies synergies and a negative

relationship (cyan) implies trade-offs. In general, the efforts for sustainable de-

velopment aim for low inequality and low emissions which can be evaluated by

the location of the contour lines. The intersecting area of the two thresholds for

GINI and carbon indicated in Figure 5.1 defines a potential socially and environ-

mentally sustainable space. Within this potentially safe and just space any form

of the relationship is plausible (see the miniature graphic). However, overall the

strength and structure of the relationship are of particular relevance for analyzing

a potential path towards this area and thus, towards a sustainable future. We

discuss the potential thresholds in more detail in Section 5.3.2.4.
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Figure 5.1: Schematic bivariate distribution of GINI and carbon emissions: pos-
itive relation with asymmetric distribution (yellow), negative symmetric relation
(cyan) and decoupled (red); socially and environmentally sustainable (SES) space
for low values of emissions and GINI (see Section 5.3.2 for more details).
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5.3 Bivariate distributional copula regression

Bivariate distributional copula regression models focus on analyzing the depen-

dence structure and allow for varying effects over the range of the covariates. As

a mathematical tool, the copula binds the marginal distributions of the two vari-

ables GINI and carbon via a bivariate cumulative distribution function (CDF) to

analyze their joint behavior. Bivariate distributional copula models incorporate

generalized additive models for location scale and shape (GAMLSS) as building

blocks for the marginals to study the shape of the marginal probability distribu-

tions of GINI and carbon (Klein et al., 2019; Marra and Radice, 2017).

5.3.1 Bivariate copula regression

Distributional copula regression for GINI and carbon combines two features: first,

it separately specifies the two marginal distributions and subsequently specifies the

dependence between income inequality and carbon emissions. The so-called copula

regression in the second step incorporates the option to model regression effects on

all possible parameters of the resulting bivariate distribution. More specifically,

copulas allow specifying a bivariate distribution for the vector of responses (Y1, Y2)

via its CDF F1,2(Y1, Y2) = P (Y1 ≤ y1, Y2 ≤ y2) which can be represented as

F1,2(y1, y2) = C(F1(y1), F2(y2)), (5.1)

where F1(y1) = P (Y1 ≤ y1) and F2(y2) = P (Y2 ≤ y2) are the marginal CDFs and

C : [0, 1]2 → [0, 1] is the corresponding copula, i.e. a bivariate CDF with uniform

marginals.

Copula regression now links the parameters of both the marginals and the cop-

ula to regression predictors. Let θ = (θ′1,θ
′
2,θ

′
c)
′ be the J-dimensional vector of

parameters characterizing the marginals (θ1 and θ2) and the copula (θc). Then

we assume that each of the parameters is a function of the covariates z such that

θij = θj(zi), j = 1, . . . , J for observations i = 1, . . . , n.

In our application, we consider various types of response distributions for

continuous, non-negative responses including normal, log-normal, gumbel,
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reverse gumbel, dagum and singh-maddala which correspond to the possible

copula specifications provided by the GJRM package in R (Marra and Radice,

2017). Copula regression then allows us to make any aspect of the bivariate

distribution covariate-dependent. Further, we can flexibly specify the marginal

distribution with different types of dependencies and in particular use forms of

dependence that are not reflected by linear correlation.

To achieve flexibility in the regression specification, we extend beyond purely linear

regression predictors in a semi-parametric specification where the partially-linear

predictor

η
θj
i = z′iβ

θj +
K∑
k=1

f
θj
k (xik) (5.2)

is linked to the distributional parameter θj via a strictly monotonically increasing

response function hj such that

θj(zi) = hj(η
θj
i ). (5.3)

The predictor combines linear effects z′iβ
θj based on covariates zi and regression

coefficients βθj with non-linear effects f
θj
k (xik) of continuous covariates xik. For

the latter, we employ penalized splines, i.e. cubic B-splines of moderate size sup-

plemented with a second-order difference penalty to achieve a data-driven amount

of non-linearity in the effect estimates.

We continue by studying the worldwide data for GINI and consumption-based

carbon emissions per capita and introduce relevant covariables for the analysis.

Subsequently, we describe the model specification that allows us to estimate the

bivariate distribution in (5.1).

5.3.2 Data

The data studied consists of an unbalanced panel data set including 154 countries

for the 1960–2019 period, collected from different sources. Our analysis focuses

on the relationship between carbon dioxide emissions per capita and GINI, which

composes the bivariate outcome vector of the distributional copula model.
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5.3.2.1 Measures of carbon emissions and GINI

We use a consumption-based measure of carbon dioxide emissions to account for

trade. This measure assigns carbon emissions to the consuming rather than the

producing country. The Global Carbon Atlas provides the data on carbon emis-

sions. Carbon dioxide emissions are measured in millions of metric tons, combining

emissions from fossil fuel combustion, cement production and gas flaring (Peters

et al., 2011; Global Carbon Project, 2020).

The GINI index is a country-level average measure of income inequality which

ranges from 0 (perfect equality) to 100 (perfect inequality). Other than specific

quantile measures of inequality, the GINI measure provides no information about

the location of the inequality, i.e. whether it is between the richest 10 percent

and the rest or between other quantiles. It rather measures the average inequal-

ity of a country (Jorgenson et al., 2017). While this measure naturally has some

shortcomings, it suffices our exploratory purposes. The GINI measure is particu-

larly attractive due to its internationally comparable data availability (Solt, 2016,

2020). The Standardized World Income Inequality Database (SWIID) comprises

an adjusted panel data set for inter-country comparison of the GINI based on the

Luxembourg Income Study. For our analysis, we apply the gini disp variable,

which measures equalized (using the square root scale), post-tax and post transfer

household disposable income (Solt, 2016).

5.3.2.2 Factors influencing the relationship

Following the theoretically-specified channels and previous literature on the topic

(Jorgenson et al., 2016; Grunewald et al., 2017; Jorgenson et al., 2017), we condi-

tion the relationship between GINI and carbon emissions on the following control

variables.

We place a special focus on the impact of GDP per capita due to a strong de-

pendence with inequality and carbon emissions by separating the analysis into

income groups (namely high-, middle- and low-income countries). This separation

accounts for heterogeneous effects between income groups of the covariates on the

dependence. Including GDP as a covariate in the model additionally controls for

country-specific differences and the varying impact over the observed time period.
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The World Development Indicators (World Bank, 2020c) provide the variables

GDP per capita in constant 2010 US Dollars. The same set of data offers infor-

mation on agriculture (agri), service (serv) and manufacturing (manu), with the

reference category construction measured in the share of value added as a percent-

age of total GDP. Furthermore, the urban variable is defined as the percentage of

the total population of a country living in cities (following Grunewald et al., 2017;

Jorgenson et al., 2017).

To investigate the political economy hypothesis, we include polity as a measure for

the political framework and the share of fossil energy on total energy consumption.

Accounting for the relative share of fossil fuel energy can to some extent control for

a varying energy mix. The share of fossil fuel consumption fossil is given in per-

centage of the total energy use by the afore mentioned dataset (Dunlap and Brulle,

2015; Jorgenson et al., 2017). The polity measure proxies institutional differences

and power relations in countries (Boyce, 1994; Torras and Boyce, 1998; Grunewald

et al., 2017). The polity measure is provided by the Center for Systemic Peace

(2020) and varies between -10 (strongly autocratic) and 10 (strongly democratic).

5.3.2.3 Country groups and summary statistics

We classify the countries into low-, lower- and upper-middle- and high-income

countries as suggested by the World Bank (World Bank, 2020b), as we expect

differences between country groups in the influencing factors. For the further

analysis, we combine low- and lower-middle- (from here onwards, low-) income

countries due to a lack of observations in the group of low-income countries and

a rather similar pattern in comparison with lower- and upper-middle- (from here

middle-) income countries. A detailed list of the included countries is provided in

Table A5.1 in the Appendix.

Figure 5.2 displays the variables GINI and carbon as well as logarithmized carbon

in a scatter plot, revealing considerable heterogeneity between the three income

groups. The right-hand side plot displays the carbon variable in its logarithmized

form due to scaling reasons. Furthermore, the empirical analysis in Section 5.3.3

suggests the use of logarithmized distribution of carbon. We can identify hetero-

geneity between the three displayed income groups (low-, middle- and high-income

119



0

20

40

60

20 30 40 50 60
GINI

C
ar

bo
n 

em
is

si
on

s
Carbon emissions per GINI

−2

0

2

4

20 30 40 50 60
GINI

Lo
ga

rit
hm

iz
ed

 c
ar

bo
n 

em
is

si
on

s

income

High income

Low income

Middle income

Log carbon emissions per GINI

Figure 5.2: Scatter plot of the variables GINI and carbon, pooled over all years
and separated into the three income groups of, low- (green), middle- (blue) and
high-income countries (red).

countries) in the level of both inequality and carbon emissions. This finding sug-

gests separating the analysis into these country groups, which is in line with the

empirical literature finding that the direction of correlation depends on the level

of income (see e.g. Grunewald et al., 2017; Jorgenson et al., 2016). While the

level of inequality decreases with higher income, the level of emissions increases.

Figure 5.2 indicates that certain countries follow a path of rising emissions with

fairly constant GINI indices. It further suggests differences in the strength of the

dependence according to the level of income.

The summary statistics in Table 5.2 support the assumption of heterogeneity

over the country groups and increasing emissions from low-income countries with

mean = 1.27 Mt-CO2 per capita over middle-income countries with mean = 3.57

Mt-CO2 per capita, to high-income countries with mean = 12.02 Mt-CO2 per

capita. The variation in carbon is strongest in high-income countries with a stan-

dard deviation sd = 7.17 Mt-CO2 per capita compared with middle- and low-

income countries, with sd = 2.18 and sd = 1.94 Mt-CO2 per capita, respectively.

Inequality is highest in middle-income countries with mean = 42.59 and lowest in

high-income countries with mean = 30.51 with low-income countries in between

mean = 42.08. The variation in the GINI variable is strongest in middle-income

countries sd = 8.16 and similar over the other country groups.

To postulate a potential ecologically and socially sustainable space, we specify
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thresholds for GINI and carbon in the following section.

Table 5.2: Summary statistics of the outcome variables GINI and carbon for
high-, middle- and low-income countries.

Variable N mean sd min max

High-income countries

carbon 1087 12.02 7.17 1.58 58.70
GINI 1626 30.51 5.77 19.50 50.60

Middle-income countries

carbon 840 3.57 2.18 0.36 13.98
GINI 1375 42.59 8.16 21.90 66.50

Low-income countries

carbon 939 1.27 1.94 0.06 17.26
GINI 1761 42.08 5.84 26.30 55.80

GINI ranges from 0 (perfect income equality) to 100 (perfect income inequality) by country.
Carbon emissions are given in Mt-CO2 per capita.

5.3.2.4 Socially and environmentally sustainable space

The target for a sustainable future comprises low levels of carbon emissions and

income inequality. To investigate the attainability of this goal, we define two sep-

arate thresholds for GINI and carbon. The overlapping area defines the potential

socially and environmentally sustainable area.

In order to limit global temperature rise to 1.5 degrees, studies suggest a life within

a necessary global carbon budget. In this scenario, an individual could emit 0.5

Mt-CO2 per capita per year2, whereas the current global average emissions are at

4.9 Mt-CO2 per capita per year. Thus, following the calculations, carbon emis-

sions need to be reduced to one-tenth. The carbon budget calculation assumes an

equal budget for every global citizen, independent of their place of birth. Country

differences and historical responsibilities are not taken into account, which not

only means that some people have to cut drastically but also that some could

2This is an approximate value for a person born in 2017 with a life expectancy of 85 years. The
estimated life budget is 45 metric tons for the lifespan (Hausfather, 2019).
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increase their footprint (Hausfather, 2019). Despite these limitations, we consider

this threshold as an example for a desirable equitable and sustainable distribution

of carbon emissions.

It is more challenging to establish a threshold for GINI as an indicator for social

sustainability. Income inequality relates to individual and societal well-being, by

having harmful effects on health and social problems, such as crime, mental illness

and drug misuse and better explains these outcomes compared to average income

(Wilkinson and Pickett, 2009; Wilkinson et al., 2010; Wilkinson and Pickett, 2017;

Pickett and Wilkinson, 2010, 2015). These damages are not limited to the poor

but affect most segments of society (Wilkinson and Pickett, 2009). Due to these

linkages, we argue that measures of income inequality matter for social sustain-

ability, an often vaguely defined category (Eizenberg and Jabareen, 2017). As far

as we know previous research has not explored the sustainable level of income

inequality. For the purpose of our exercise, we propose the following threshold:

for a socially sustainable future, we estimate the optimal GINI coefficient as the

lowest quantile of the GINI distribution of countries with the highest democracy

level (polity score of 10). The estimated GINI threshold is 25.7.

Jointly, the limit of 0.5 Mt-CO2 annual carbon emissions per capita and a GINI

of 25.7 define the potential socially and environmentally sustainable space, which

is schematized in Figure 5.1. The definition of a sustainable area in terms of

our two outcome variables can help to quantify these targets along the lines of

studies like O’Neill et al. (2018). The joint probability of being in the socially

and environmentally sustainable space is derived from our bivariate distributional

copula model specified in the following section.

5.3.3 Model specification

We define the model following the two-step procedure described in Section 5.3.1.

First, we identify the marginal distributions of the variables GINI and carbon

to build a GAMLSS model for each of the two variables. Second, we determine

the copula, which (together with the marginals) defines the joint distribution of

GINI and carbon. All selections of the specific type of the distribution are made
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by comparing the values of the AIC and BIC selection criterion and QQ-plots of

the model residuals for different choices of the distribution. The selected marginal

distributions and copula specifications for the three country groups are as follows:

carbon exhibits a log-normal distribution in all three income groups. GINI ex-

hibits a normal distribution in middle- and low-income countries, while it reveals

a log normal distribution in high-income countries.3 All selected distributions are

determined by two parameters. Conditioned on these choices for the marginal

distribution, the copula specification is a normal copula for high-income countries

and a Frank copula for low- and middle-income countries.4

With the specified marginal distributions and copulas, all resulting bivariate dis-

tributions D = F1,2 depend on five parameters θj, j = 1, . . . , 5: two parameters for

each of the two marginal distributions and one parameter for the copula. These

five parameters specify the bivariate distribution for each income group g = 1, 2, 3,

i.e. (
GINI

Carbon

)
∼ Dg(θ1, θ2, θ3, θ4, θ5). (5.4)

The specific marginals and copulas are described by the set of parameters θj, j =

1, . . . , 5, where the predictor ηθj of parameter θj depends on the set of covariates

introduced in Section 5.3.2. For each of the three income groups g = 1, 2, 3, we

obtain a predictor for observation i = 1, . . . , n,

η
θj
g,i = β

θj
0g + sg(GDPi)

θj + β
θj
3gmanui + β

θj
4gservi + β

θj
5gagrii + β

θj
6gurbani

+β
θj
7gfossili + β

θj
8gpolityi + sg(yeari)

θj .
(5.5)

The intertemporal variation of the GINI index is small within countries and varies

more across countries (see Figure 5.2). For this purpose, we apply a fixed grouping

for the countries following the income classes and control for non-linear variation

3The parameters in (5.5) are estimated using the R package GJRM (Marra and Radice, 2020).
4We do not consider specifications whose models do not converge since this usually indicates

that the dependence observed in the data does not comply with the structure assumed by the
given copula. The full list of AIC and BIC values for all model specifications is displayed in
Tables A5.2-A5.4, A5.11-A5.13 and A5.20-A5.22 for high-, middle- and low-income countries,
respectively.
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in time by applying a nonlinear effect (modeled as a penalized spline) for the

years. Using the panel data structure, we implement splines si with ten inner

knots for year effects. Likewise, we model GDP by using a penalized splines with

ten inner knots to account for non-linear effects.5 According to the distribution of

the resulting model residuals (see Figures A5.7, A5.13 and A5.19), the explanatory

variables seem to sufficiently control for heterogeneity between the countries, which

was equally observable as country-specific paths in Figure 5.2.

We are primarily interested in the effect of the covariates on the dependence. For

this reason, our analysis focuses on the copula parameter θ5 of Equation (5.5).

To allow an economic interpretation, we convert the copula parameter into an

association measure. Kendall’s τ , which takes values between −1 and 1, measures

the (conditional) dependence between inequality and carbon emissions by taking

the copula structure into account. We estimate average marginal effects of the

covariates on Kenndall’s τ . The average marginal effect of covariate z corresponds

to

AME(z) =
1

n

n∑
i=1

τ(zi + 1)− τ(zi), (5.6)

where zi + 1 is the covariate at observation i plus one unit, and τ(z) is calculated

as Kendall’s τ of the distribution which is linked to the predictor from Equation

(5.5).

5.4 Results

For each country group, we consider the mean copula prediction in Subsection

5.4.1, identify potential channels of the dependence by the average marginal co-

variate effects of associated factors in Subsection 5.4.2 and compare these to a

selection of country-specific predictions in Subsection 5.4.3.6 Our analysis specif-

ically focuses on the covariates polity, fossil, service and GDP as factors of the

relationship. This allows us to deduce potential policy implications in line with a

sustainable future.

5Splines enable us to smooth the effects between knots and therefore allow for more flexibility
compared to a standard quadratic relation (Fahrmeir et al., 2013).
6In the groups of high-, middle- and low-income countries, effect significances on the dependence

parameter and the analysis of model residuals (displayed in Figure A5.7, A5.13 and A5.19)
support the grouping by income class. In this sense, the grouping results in effect homogeneity
on the dependence but variety in the dependence structures.
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Figure 5.3: Average contour plots and Kendall’s tau distribution.
Note that the scaling differs by graphic due to illustrational reasons.
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5.4.1 The average dependence between inequality and

emissions

The average strength and direction of the dependence between GINI and carbon

shows strong differences among the country groups. The left column of Figure 5.3

displays the mean dependence structure as an average over all predictions of the

parameters θj, j = 1, . . . , 5 calculated from the estimated regression coefficients

and the covariate value of each observation. The right column shows a histogram

of the distribution of Kendall’s τ for the observations separately. The first row

represents high-income countries, the second row middle-income countries and the

bottom row low-income countries.

While the mean copula prediction for high-income countries suggests a weak de-

pendence between carbon emissions and inequality, the one for middle- and low-

income countries exhibits a negative relation. We observe the strongest mean de-

pendence in middle-income countries. More precisely, in mean Kendall’s τ is −0.08

with a confidence interval containing zero, (−0.23, 0.08), suggesting that there is

hardly any relation between inequality and emissions in high-income countries. A

Kendall’s τ of −0.39 joint with a confidence interval of (−0.55,−0.21) indicates

that there is a negative relation between GINI and carbon in middle-income coun-

tries. In low-income countries the Frank copula suggests an oval shape, which –

due to the marginal distributions – implies higher dependence at higher GINI val-

ues, and hence a lower variation in emissions. A Kendall’s τ of −0.097 joint with

a confidence interval of −0.27 to 0.08 suggests that there is hardly any relation.

The dependence structures widely differ from the mean prediction in all country

groups (see the variation of Kendall’s τ in Figure 5.3) as the mean is not nec-

essarily representative for the dependence over the full range of the influencing

factors. For this reason, it is interesting to understand which specific channels

drive the relationship. We gain an overview on each covariate’s association with

the dependence by means of their average marginal effects in Section 5.4.2 and

further deepen this understanding by taking specific country cases into account,

which more accurately illustrate the dependence structure for high-, middle- and

low-income countries in Section 5.4.3.
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5.4.2 Identifying the channels of the dependence

We estimate average marginal effects of the covariates on the strength of the de-

pendence measured by Kendall’s τ . The results are displayed in Table 5.3 where

significance levels are based on the estimates in Table A5.9, A5.18 and A5.27 for

high-, middle- and low-income countries, respectively.

The polity level has a varying association with Kendall’s τ in the different coun-

try groups supporting the political economy argument in high- and middle-income

countries.7 While for these two country groups the association is highly statistically

significant, it is statistically insignificant for low-income countries. In high-income

countries the magnitude of the association of the polity level is the largest with

-0.069 units. The association in middle-income countries amounts to 0.038 units,

having the reverse sign compared to high-income countries. In low-income coun-

tries, the association is not only statistically insignificant but the magnitude is also

relatively small, suggesting a neither statistical nor economic relevance. Thus in

middle- as well as high-income countries a positive change in the democracy score

is in line with a decoupling of the relationship. This result relates to the argument

that more democratic societies are more equal, leading to a decoupling or posi-

tive effect on the dependence structure of GINI and carbon. Less powerful elites

and democratic mechanisms may enable better environmental and social policies,

potentially leading to a socially and environmentally sustainable society.

The varying effect direction of fossil indicates an association between fossil fuels

and the development path of countries. The share of fossil fuels in the energy

mix of countries exhibits a significantly negative association with the dependence

between inequality and carbon emissions in high- (-0.014) and low-income (-0.007)

countries, while the association is positive in middle-income countries (0.014). The

magnitude is similar in high- and middle-income countries with a reverse sign.

7In general, positive and negative impacts have to be placed in relation to the initial predictor,
which depends on the intercept and level of the other variables, and thus, can lead to strengthen-
ing or weakening effects at the same time. More specifically, if the predictor for a given country
is initially negative, an increase in polity consequently induces an even stronger negative rela-
tionship, while if the predictor is initially positive, such an increase leads to a weaker positive
relation and can even result in a negative or decoupling scenario.
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Table 5.3: Average marginal effects on Kendall’s tau

High Middle Low
GDP 0.030∗∗∗ 0.084∗∗∗ -0.540∗∗∗

Manu 0.010∗∗ -0.030∗∗∗ 0.031∗∗∗

Serv 0.034∗∗∗ -0.009∗∗ -0.103∗∗∗

Agri 0.084∗∗∗ 0.000 0.002
Urban 0.000∗∗∗ -0.019 0.010∗∗∗

Fossil -0.014∗∗∗ 0.014∗∗∗ -0.007∗∗∗

Polity -0.069∗∗∗ 0.038∗∗∗ -0.004
Year 0.004∗∗∗ -0.021∗∗∗ -0.005

∗∗∗p < 1%, ∗∗p < 5%, ∗p < 10%.
One unit GDP is equivalent to 1000$.

All other units for the corresponding variables are set to 1.

Among the country groups not only the significance but also the association size

of GDP per capita varies. While in high-income countries an increase in GDP per

capita by 1000$ per year is slightly positively associated with Kendall’s τ by 0.03

units, it shows a positive association of 0.084 units in middle-income countries and

low-income countries, with a significantly higher and negative association of GDP

and the relationship between inequality and carbon emissions by 0.54 units.8

The structure of the economy, displayed by the share of the separate economic

sectors, influences the relationship. Manufacturing is positively associated with

the dependence between income inequality and carbon emissions in high- and

low-income countries while the association is negative in middle-income countries.

The service sector positively associates to the relationship in high-income coun-

tries and negatively in middle- and low-income countries exhibiting a relative high

magnitude of -0.103 units compared to 0.034 units (high-income) and -0.009 units

8For different levels of GDP , we can identify a varying impact on the dependence. The effect of
GDP – like the years effect – is estimated non-parametrically by a spline, i.e., the smooth effects
over the range of the variable on the relationship between carbon and GINI. The estimated
centered splines for GDP and year for high-income countries are displayed in Figure A5.12.
The spline indicates that GDP per capita has a non-linear effect on the dependence, which is
statistically significant, as indicated in Table A5.9. By contrast, the spline for the year effect
(right-hand graphic in Figure A5.12) does not strongly vary over the time period, suggesting no
variation in the dependence due to year effects. Figure A5.18 displays the centered splines for
GDP and year effects for middle-income countries and Figure A5.24 for low-income countries.
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(middle-income).9 In contrast the share of the agricultural sector has only an eco-

nomic and statistical significant association with the dependence between GINI

and carbon emissions in high-income countries, suggesting that the agricultural

sector is unrelated to the relationship between carbon emissions and income in-

equality in middle- and low-income countries.

Results on the urban population suggest that there are no differences in high-

and middle-income countries on the relationship, while it is positive in low-income

countries. In high-income countries the magnitude of urban is irrelevant with 0

units. The year effect varies among country groups being on average the highest

in middle-income countries, with a negative association of -0.021 units.

5.4.3 Country-specific cases and their potential for a sus-

tainable future

For diverse covariate settings, we report the related change in Kendall’s τ (i.e., the

strength and direction/rotation of the resulting copula), the shape of the copula

and the probabilities for falling below the thresholds for GINI (25.7) and carbon

(0.5 Mt-CO2 per capita), specified as a potential socially and environmentally

sustainable space in Section 5.3.2.4. For instance, if increasing a covariate leads to

a shift or stretch of the copula towards lower (higher) levels of GINI and carbon,

this covariate can be interpreted to likely have a positive (negative) effect on the

achievement of a sustainable future in terms of the SES space sketched in Figure

5.1.

5.4.3.1 High-income countries

The results of exemplary copula predictions for Germany and the US displayed in

Table 5.4 support the analysis of the covariate effects from the pooled estimation

for the whole country group in Table 5.3. Cases 1,2,3 and 4 for Germany and

5,6,7 and 8 for the US represent real cases, while cases including letters represent

fictive changes in polity, fossil and service. The variation in the strength of the

9We infer that the relationship might depend on the type of service predominantly present in
the country groups. Less polluting care services have a lower income than other service sector
jobs (Folbre et al., 2021).
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dependence underpins the economic relevance, as, for instance, a lower polity score

is associated with a higher positive dependence of GINI and carbon. Specifically,

cases 4c and 4d as well as 8c and 8d show changes in the strength of the depen-

dence for lower polity score in Germany and the US, respectively. Likewise, cases

4a and 4b as well as 8a and 8b demonstrate fictive cases for lower fossil shares

in Germany and the US, respectively. These fictive cases indicate a strongly in-

creasing relationship for lower fossil energy shares. For Germany, this increase is

around 0.5 points in Kendall’s τ and for the US around 0.1 points, adding to an

already high level of dependence. Cases 4e and 8e show results for a lower share

in services (all other sectors remain unchanged) indicating a strong influence on

the relationship which turns negative in both cases.

Table 5.4: Specific copula prediction for high-income countries: Germany and the
US with the respective choices of the variables year, polity and fossil (the remain-
ing covariates are set to their actual value). In the last four columns: Kendall’s
τ (K’s τ) and the probability to of being the threshold for GINI and carbon and
in the socially and environmentally sustainable (SES) area in the specific setting.
Additional case studies in Table A5.10.

Case Country year polity fossil Service K’s τ TH TH SES
GINI carbon Area

1 Germany 1997 10 84.63 61.11 -0.302 0.079 0 0
2 Germany 2008 10 80.8 62.22 0.052 0.027 0 0
3 Germany 2009 10 79.97 64.23 -0.187 0.005 0 0
4 Germany 2015 10 78.86 62.21 0.428 0.101 0 0
4a Germany 2015 10 50 62.21 0.749 0.168 0 0
4b Germany 2015 10 10 62.21 0.925 0.436 0 0
4c Germany 2015 9 78.86 62.21 0.502 0.068 0 0
4d Germany 2015 3 78.86 62.21 0.797 0.001 0 0
4e Germany 2015 10 78.86 20 -0.892 0.626 0 0
4f Germany 2015 10 10 20 -0.226 0.739 0.021 0.009
5 USA 1997 10 86.46 71.81 0.311 0 0 0
6 USA 2008 10 84.97 74.53 0.827 0 0 0
7 USA 2009 10 84.15 76.44 0.775 0 0 0
8 USA 2015 10 82.43 76.82 0.877 0 0 0
8a USA 2015 10 50 76.82 0.954 0 0 0
8b USA 2015 10 10 76.82 0.986 0 0 0
8c USA 2015 9 82.43 76.82 0.895 0 0 0
8d USA 2015 3 82.43 76.82 0.959 0 0 0
8e USA 2015 10 82.43 20 -0.823 0.584 0 0
8f USA 2015 10 10 20 0.154 0.665 0.056 0.046
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We find a recognizable difference in the relationship between GINI and carbon

between 2008 and 2009, indicating the relevance of a change in GDP. Between

these two years, most macroeconomic factors remained stable, while GDP fell in

Germany and the US due to the financial crisis. The drop in GDP per capita led

to a change from a positive relationship between GINI and carbon in 2008 to a

negative relationship in 2009 in Germany. This amounts to approximately 0.24

points in Kendall’s τ . For the US, the relationship reduced by approximately 0.05

points in Kendall’s τ .

For all investigated cases in Table 5.4, Germany and the US are highly unlikely to

fall into the socially and environmentally sustainable area. The last three columns

of the table display the estimated probability of being below the GINI threshold,

the carbon threshold or both, i.e. in the socially and environmentally sustainable

area. Choosing a lower polity score for Germany, the likelihood of being below the

GINI threshold decreases, while with a falling fossil energy share the likelihood

increases. Cases 4f and 8f refer to joint changes of two covariates, fossil and

services. Only in these cases we can observe an increase in the likelihood of being

in the potentially socially and environmentally sustainable space. In the remaining

settings Germany and the US have a zero likelihood of falling below the carbon

threshold or in the socially and environmentally sustainable area. Furthermore,

the US only shows a positive likelihood to fall below the GINI threshold for a

decrease in the service sector.

Figure 5.4 illustrates the changes in the shape of the copula prediction, i.e. of the

contour lines, for changing covariates, showing a higher dependence for lower polity

scores and fossil share. For instance, we compare the real situation of Germany

in 2015 (in the first column, first row) to a fictive situation with a different polity

score (in the second column). All other factors correspond to the actual values

in 2015. For more autocratic frameworks, Germany exhibits weaker variation in

the relationship, and thus a higher dependency. With a decrease in the fossil

energy share in the same setting (third column), the variation is also lower. The

contour plots for the US (second row) present a similar direction but the shape

of the contour lines differ, indicating the relevance of distributional aspects. Both

country settings lead to a distribution with higher variation in higher levels of

131



Figure 5.4: Contour plots for Germany and the US in 2015. The first column
shows the original setting, second column refers to changes in fossil and the third
column to changes in polity, the remaining covariates are set to their actual value.

GINI. The center of the contour lines – which represents the highest density of

the correlation – is located in higher levels of GINI for the US. The plots for

Germany expose a stronger dependence at the lower tails of the joint distribution,

which is driven by the choice of the marginal distributions.

The results support the political economy argument described in Section 5.2. The

increasing likelihood of being below the GINI threshold for falling fossil share and

polity score as well as the increasing relationship for falling polity score and fossil

share suggests that the relationship is determined by political settings, which also

influence environmental policy and thus the fossil energy share. In less democra-

tized countries, the political economy argument suggests that the rich benefit more

from short-term environmental degradation and spending, while the reverse holds

in more democratic and more egalitarian countries. Higher income inequality is

associated with higher power inequality (Boyce, 1994). Accordingly, the rich are

likely able to block a shift away from fossil fuels and thereby increase emissions.

Further, the emulation effect focusing on the individual basis suggests a more

132



carbon-intensive lifestyle for richer people in more unequal societies, strengthen-

ing the mechanisms of the political economy argument. The higher disposable

income in high-income countries compared to the average of middle- and low-

income countries strengthens the effect in richer countries, as GDP and carbon

emissions are strongly correlated (Hickel and Kallis, 2020). Most cases under in-

vestigation (Table 5.4) have a positive Kendall’s τ , whereby lower fossil energy

shares strengthens the relation between carbon and GINI. This implies that re-

ducing the fossil energy share likely leads to synergy effects between social and

environmental sustainability.

The positive association between the variable service and the strength of depen-

dence between income and carbon emissions points to a particular relevance of the

structural change argument in high-income countries. Transforming the economy

to a larger service sector has a strengthening effect on the relationship and de-

creases the probability of achieving a social and environmental sustainable future.

In this sense, a transformation to a largely service-based economy cannot be seen

as a straight forward solution for lower emissions and more just societies. However,

maybe not a reduction in services but a change in the structure of services toward

more care related services (often public sector with less inequality and carbon

emissions) can lead to a simultaneous decline in inequality and carbon emissions

(Jespersen, 1999; Folbre et al., 2021). This would require further investigations,

with more disaggregated data on the industry level.

5.4.3.2 Middle-income countries

The specific cases of interest – China and South Africa – expose the economic

relevance of the impact of polity, fossil, service and GDP , as displayed in Table

5.5. Cases 9, 10 and 11 for China and 12, 13, 14 and 15 for South Africa represent

real cases, while cases including letters represent fictive changes in polity, fossil

and service. Keeping fossil at its actual value for China in 2014, an increase

in the democracy score from the actual value of −7 to 10 increases the Kendall’s

τ from −0.75 to −0.09. Thus, in this alternative setting with a high level of

democratization, the dependence is close to decoupling. An increase in the polity

score from 9 to 10 in South Africa leads to a 0.06 point increase. A decrease in
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fossil energy share leads to a higher negative relation for China (cases 11a and

11b) as well as South Africa (15a and 15b), ranging from a 0.1 to 1.0 point change

in Kendall’s τ . Similar to high-income countries, the change in the relationship

between 2008 and 2009 ranges between a positive impact of 0.1 for China and

0.02 for South Africa. In difference, a decrease in the share of the service sector

is associated to an decrease in the negative dependence for China and an increase

of the positive dependence in South Africa underlining the positive impact of this

variable. These changes support the economic relevance of the variables.

Table 5.5: Specific copula prediction for middle-income countries: China and South
Africa with the respective choices of the variables year, polity and fossil (the
remaining covariates are set to their actual value). In the last four columns:
Kendall’s τ (K’s τ) and the probability of being below the threshold for GINI
and carbon and in the socially and environmentally sustainable (SES) area in the
specific setting. Additional case studies in Table A5.19.

Case Country year polity fossil Service K’s τ TH TH SES
GINI carbon Space

9 China 2008 -7 87.22 42.86 -0.87 0.213 0 0
10 China 2009 -7 87.64 44.41 -0.869 0.21 0 0
11 China 2014 -7 87.67 48.27 -0.747 0.303 0 0
11a China 2014 -7 50 48.27 -0.848 0.091 0 0
11b China 2014 -7 10 48.27 -0.893 0.001 0.032 0
11c China 2014 10 87.67 48.27 -0.088 0.229 0 0
11d China 2014 3 87.67 48.27 -0.522 0.261 0 0
11e China 2014 -7 87.67 20 -0.625 0.475 0 0
11f China 2014 -7 10 20 -0.875 0.257 0.067 0
12 South Africa 1997 9 84.91 57.84 0.338 0.036 0 0
13 South Africa 2008 9 88.15 59.07 0.196 0.047 0 0
14 South Africa 2009 9 87.68 60.51 0.216 0.065 0 0
15 South Africa 2014 9 86.79 61.02 0.327 0.089 0 0
15a South Africa 2014 9 50 61.02 -0.562 0.001 0 0
15b South Africa 2014 9 10 61.02 -0.799 0 0.057 0
15c South Africa 2014 10 86.79 61.02 0.385 0.085 0 0
15d South Africa 2014 3 86.79 61.02 -0.15 0.115 0 0
15e South Africa 2014 9 86.79 20 0.689 0.466 0 0
15f South Africa 2014 9 10 20 -0.676 0.231 0.109 0

For both countries, the probability for the threshold of GINI changes with the

macroeconomic setting. The likelihood of falling below the GINI threshold slightly

decreases with an increasing level of democracy (comparing cases 11 and 11c, 15
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and 15c), and it strongly decreases with falling shares of fossil energy. The likeli-

hood of being below the carbon threshold is only different from zero for a low fossil

energy share (alone or in combination with a small share of services). Considering

the likelihood of falling in the potential socially and environmentally sustainable

space, none of the country settings in Table 5.5 show a positive probability. Cases

11e and 15e show that reducing the share of the service sector increases the likeli-

hood of falling below the GINI threshold to the highest level on all cases for both

countries.

The contour plots for the copula predictions in Figure 5.5 illustrate the varying

dependence structures with changing fossil share and polity score (cases 11a and

11c for China and 15a and 15c for South Africa). The contour plots illustrate a

stronger dependence for a falling fossil energy share and decoupling for an increase

in polity in China. For South Africa, the contour plots show a change in the

direction and strength of the dependence for a reduced fossil energy share. The

same plots expose a stronger dependence at the tails of the joint distribution,

which is driven by the choice of the marginal distributions.

The results for middle-income countries support the political economy argument

as an increase in democracy has a positive effect on the relationship between

GINI and carbon. Although the direction of the impact is opposite to high-

income countries, most cases under investigation exhibit negative Kendall’s τ ,

and thus the strength of the negative relationship falls and may become positive

with higher levels of democracy. Thus, more democratic societies are more equal,

which is associated with a decoupling or positive effect on the relationship. This

can be explained by less powerful elites and democratic mechanisms that enable

better environmental and income equality supporting policies. Further, with an

increasing level of democracy, the likelihood of being below the GINI threshold

increases.

Additionally, falling fossil shares lead to higher negative relationships. The indi-

vidual Kuznet curve may hold in this case as poor individuals drop out of the

carbon economy. This is indicated by a decrease in the likelihood of being below

the GINI threshold and an increase in the likelihood of being below the carbon
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Figure 5.5: Contour plots for China and South Africa in 2014. The first column
shows the original setting, second column refers to changes in fossil and the third
column to changes in polity the remaining covariates are set to their actual value.

threshold. The overall significant negative relationship suggests that higher levels

of carbon emissions are realized with less inequality, and thus more people can

afford a carbon-intensive lifestyle. Further, middle-income countries strongly rely

on fossil energy to realize their development path (Klasen, 2018).

A decrease in the service sector has the opposite effect as in high-income coun-

tries. It decreases the negative dependence in China and increases the positive

dependence in South Africa which is in line with the previously identified negative

impact of this variable. As a decrease largely increases the probability of falling

below the GINI threshold and (jointly with a change in fossil energy) the carbon

threshold, we follow that a structural transformation towards a larger share of

the service sector would likewise decrease these probabilities. In the first place,

this is in line with argument’s which relate a structural transformation towards

a service-based economy to an increase of inequalities (Baymul and Sen, 2019).

The separate effect of the share of services on the environment is not visible when

studying the carbon threshold. Thus, we infer that the relationship is interlinked
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with the share of fossil fuels used in the service sector. As pointed out above, these

findings suggest a deeper study of the structure of the service sector.

5.4.3.3 Low-income countries

The results for the specific cases of Bangladesh and Tanzania underpin the eco-

nomic relevance of the impact of fossil and GDP . Cases 16, 17, 18 and 19 for

Bangladesh and 20, 21, 22 and 23 for Tanzania represent real cases, while cases in-

cluding letters represent fictive changes in polity, fossil and service. Even though

polity is insignificant in the parameter estimation in Table A5.27, a change in polity

leads to a sizable change in Kendall’s τ (see cases 19c and 19d compared to 19 for

Bangladesh and 23c and 23d compared to 23 for Tanzania). Cases 19a and 19b

show changes in Kendall’s τ for a lower fossil energy share in Bangladesh, which

leads to a strong increase in the relationship. Kendall’ τ is 0.06 for a share of fossil

energy of 73.77 percent of the total energy mix and rises to a Kendall’s τ of 0.567

for a fossil share of 10 percent, holding all other variables fixed in Bangladesh. For

Tanzania, the relationship even becomes negative. Compared to the other country

groups, it is difficult to follow an impact of GDP from the change between 2008

and 2009. Specifically in Bangladesh, the strong shift from a negative to positive

polity score might dominate any changes in the resulting prediction from 2008

to 2009. A reduction in the service sector is strongly associated with a negative

association.

The likelihood of being below the GINI thresholds increases and being below the

carbon threshold decreases over the years under consideration. A strong decrease

in fossil drastically increases the likelihood of being below the carbon threshold.

Tanzania is unlikely to be below the GINI threshold. However, a rise as well as

a decline in the share of fossil energy increases the likelihood of falling below the

GINI threshold, being higher for an increase in the fossil share. Likewise, the

likelihood of being below the carbon threshold decreases.

Bangladesh exhibits a small likelihood of 0.1-0.4 percent of falling into the socially

and environmentally sustainable space in 2008-2014 with decreasing probability

over time. Reducing the share of the service sector and fossil energy share results in

a high likelihood of falling below the carbon threshold but a low likelihood of falling
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into the potentially socially and environmentally safe space. The considered cases

for Tanzania exhibit no probability of being in the socially and environmentally

sustainable area.

Table 5.6: Specific copula prediction for low-income countries: Bangladesh and
Tanzania with the respective choices of the variables year, polity and fossil (the
remaining covariates are set to their actual value). In the last four columns:
Kendall’s τ (K’s τ) and the probability of being below the threshold for GINI
and carbon and in the socially and environmentally sustainable (SES) area in the
specific setting. Additional case studies in Table A5.28.

Case Country year polity fossil Service K’s τ TH TH SES
GINI carbon Space

16 Bangladesh 1997 6 56.57 49.93 0.359 0 0.543 0
17 Bangladesh 2008 -6 67.58 52.93 0.328 0.014 0.114 0.004
18 Bangladesh 2009 5 69.01 53.32 0.244 0.016 0.049 0.002
19 Bangladesh 2014 1 73.77 53.64 0.06 0.051 0.009 0.001
19a Bangladesh 2014 1 50 53.64 0.306 0.004 0.057 0.001
19b Bangladesh 2014 1 10 53.64 0.567 0 0.774 0
19c Bangladesh 2014 10 73.77 53.64 0 0.045 0.003 0
19d Bangladesh 2014 3 73.77 53.64 0.046 0.05 0.007 0
19e Bangladesh 2014 1 73.77 20 -0.589 0.168 0 0
19f Bangladesh 2014 1 10 20 -0.124 0.004 0.809 0.003
20 Tanzania 1997 -1 7.69 35.43 0.248 0 1 0
21 Tanzania 2008 -1 9.8 43.72 0.349 0 0.953 0
22 Tanzania 2009 -1 9.29 44.55 0.359 0 0.956 0
23 Tanzania 2014 -1 14.38 41.3 0.142 0 0.766 0
23a Tanzania 2014 -1 80 41.3 -0.481 0.128 0.001 0
23b Tanzania 2014 -1 50 41.3 -0.243 0.009 0.037 0
23c Tanzania 2014 10 14.38 41.3 0.072 0 0.85 0
23d Tanzania 2014 3 14.38 41.3 0.118 0 0.796 0
23e Tanzania 2014 -1 14.38 20 -0.375 0.001 0.778 0
23f Tanzania 2014 -1 10 20 -0.342 0.001 0.907 0

The contour plots in Figure 5.6 exemplify the shape of the relationship for GINI

and carbon in Bangladesh and Tanzania, indicating a difference in the variation

for changing levels of fossil and polity. The illustrated cases represent cases 19,

19a and 19c in the first row of Figure 5.6 and cases 23, 23a and 23c in the second

row of Figure 5.6. The shape of the relationship largely follows the oval shape of

the Frank copula, with only slight asymmetric relations for changing fossil energy

shares. Graphic 2 in the first row (case 19a) reveals a stronger dependence for low

GINI and carbon levels, while the reverse asymmetry is visible in Graphic 2 in
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the second row (case 23c). The highest density of the relation – the center of the

contour lines – varies for reduced fossil energy shares. In Bangladesh, it centers

around higher GINI and lower carbon values than the real case and in Tanzania

it centers around lower GINI but higher carbon values.

A reduction of the service sector leads to a negative relation between carbon emis-

sions and income inequality in Bangladesh and Tanzania. The negative relation

is accompanied by a reduction in income inequality and an increase in carbon

emissions. Thus, the service sector is causing inequality, that lead to less carbon

emissions. Probably driven by the individual Kuznets curve, where the poor drop

out the carbon economy and only a few rich can afford carbon consumption.

Figure 5.6: Contour plots for Bangladesh and Tanzania in 2014. Contour plots
for China and South Africa in 2014. The first column shows the original setting,
second column refers to changes in fossil and the third column to changes in
polity the remaining covariates are set to their actual value.

Even though polity exhibits no statistically significant impact, it leads to a visible

change in Kendall’s τ in the cases under investigation, indicating some political

economy effect. The negative impact of fossil on the relationship suggests the

mechanisms explained in the individual Kuznets curve, namely that rich people
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live more environmentally-conscious lives while poor people drop out of the carbon

economy as they have no direct access to energy other than biofuels. The like-

lihood of being below the GINI threshold reduces with a decline in fossil energy

share. This supports the notion that these countries rely on fossil energy for their

development path (Klasen, 2018).

5.5 Conclusion

The analysis of the dependence between income inequality and carbon emissions

clearly shows their heterogeneous interconnection, indicating potentials for a sus-

tainable future when jointly addressing multiple channels. Whether the relation-

ship between emissions and inequality results in synergies, decoupling or trade-offs

depends on the heterogeneous effects of the influencing factors. To disentangle the

complexity, we use distributional copula models stratified with respect to high-,

middle- and low-income countries. Our results display that countries are poten-

tially in the socially and environmentally safe space only if multiple factors are

modified.

Our results indicate that a transformation to a largely service-based economy is not

a straightforward solution for an environmentally and socially sustainable society.

Structural change goes along with an increase of carbon emissions and income

inequality which contradicts that both the Kuznets and the environmental Kuznets

curve are implied by a transformation to the service sector. The composition of

the economic sector is significantly associated with the strength of the dependence

between inequality and carbon emissions, particularly in high-income countries.

A high share of services is associated with strengthening the relationship between

inequality and carbon emissions in high-income countries, while showing a reverse

relation in middle- and low-income countries. This may be due to the type of

services consumed in a country rather than the overall sector. To understand

this relationship in depth, further studies on the disaggregated level are necessary.

This is not only relevant for the relation between income inequality and carbon

emissions, but particularly for the creation of more resilient economic structures

in light of crises, for example induced by environmental or pandemic events.
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The association of the emission-inequality relationship with a country’s democracy

level and its fossil energy share varies between the different income groups. Specif-

ically, in high- and middle-income countries, a positive change in the democracy

score leads to a decoupling of emissions and inequality. Thereby it increases the

likelihood that a country ends up in the potentially socially and environmentally

sustainable space. Furthermore, reducing the share of fossil fuel energy in high-

income countries leads to more income equality, resulting in a higher likelihood of

being below the GINI threshold. Consequently, reducing fossil fuels is not hamper-

ing equality but favorable for a more equal society. The results indicate a trade-off

between income equality and low carbon emissions in low- and middle-income

countries, underpinning the dependence on fossil energy for the development path

of these countries.

Multiple factors are at play to reduce the interdependence implying that the ac-

tivation of at least two channels is needed to enable a transition into the socially

and environmentally safe space. Our results show that only if reducing the eco-

nomic activity in sectors like the service sector and at the same time reducing

fossil energy share, we can find advances in all country groups to fall into this

space. These results show the complex interplay of transmission channels but also

provide opportunities for a possible transition.

Additionally, the effect differences among the country groups enable us to draw

conclusions on global structures. Different within-country findings for the effect

of fossil energy share and democracy score likely reflect international dynamics,

whereby poor countries disproportionately bear the costs of climate change, while

rich countries disproportionately benefit from environmental exploitation. Further

research is needed to understand the complex systems and to suggest efficient

pathways and global solutions for the transition into a socially and environmentally

sustainable future.

As highlighted future research could study specific channels in more detail. At the

same time, the model precision can be improved by extending the present copula

modeling framework, for instance by taking dependencies over the development

paths (e.g. by cointegrating relations) into account. Furthermore, the considera-
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tion of alternative measures of environmental pollution is an interesting economic

model variation. Due to a higher immediacy of the results countries might be more

easily convinced to reduce emission variables such as SO2 or NOx (Iwata et al.,

2010). We suspect similar dependence patterns for these alternative measures.

Thus, social and environmental dimension need to be addressed jointly by con-

sidering their heterogeneous interdependence for the transition into a sustainable

future.
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5.A Appendix

The Appendix comprises a detailed country list in Table A5.1 and regression results

for high, middle- and low-income countries in Sections 5.A.1, 5.A.2 and 5.A.3,

respectively.

Table A5.1: Country groups by level of income; number of countries.

High-income Middle-income Low-income

Australia Albania Afghanistan Papua New Guinea
Austria Algeria Angola Philippines
Bahrain Argentina Bangladesh Rwanda
Belgium Armenia Benin Senegal
Canada Azerbaijan Bhutan Sierra Leone
Chile Belarus Bolivia Solomon Island
Croatia Bosnia and Herzegovina Burkina Faso Somalia
Cyprus Botswana Burundi Sudan
Czech Republic Brazil Cambodia Syria
Denmark Bulgaria Cameroon Tajikistan
Estonia China Cape Verde Tanzania
Finland Colombia Central African Republic Togo
France Costa Rica Chad Tunisia
Germany Dominican Republic Comoros
Greece Ecuador Djibouti Uganda
Hungary Equatorial Guinea Egypt Ukraine
Ireland Fiji El Salvador Uzbekistan
Israel Gabon Ethiopia Vietnam
Italy Georgia Gambia Yemen
Japan Guatemala Ghana Zambia
Kuwait Guyana Guinea Zimbabwe
Latvia Iran Guinea-Bissau
Lithuania Iraq Haiti
Luxembourg Jamaica Honduras
Netherlands Jordan India
New Zealand Kazakhstan Indonesia
Norway Kosovo Kenya
Oman Lebanon Kyrgyzstan

Libya Laos
Poland Malaysia Lesotho
Portugal Mauritius Liberia
Qatar Mexico Madagascar
Saudi Arabia Montenegro Malawi
Singapore Namibia Mali
Slovakia Paraguay Mauritania
Slovenia Peru Moldova
Spain Romania Mongolia

Russia
Sweden Serbia Morocco
Switzerland South Africa Mozambique
Trinidad and Tobago Sri Lanka Myanmar
United Arab Emirates Suriname Nepal
United Kingdom Thailand Nicaragua
United States of America Turkey Niger
Uruguay Turkmenistan Nigeria

Venezuela Pakistan

43 46 65
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5.A.1 Specifications for high-income countries

This section displays the AIC and BIC levels for different choices of the marginals

and copula in Table A5.2-A5.4, plot of the model residuals for selected setting

in Figure A5.7, the respective parameter estimates (Table A5.5-A5.8) and splines

(Figure A5.8-A5.11) for the distribution parameter of the marginals θ1 − θ4 and

several alternative country cases in Table A5.10.

Table A5.2: AIC and BIC values for alternative choices of the marginal distribu-
tion: variable GINI, high-income countries. We only include marginal distribu-
tions that converge.

AIC BIC
Normal 4292.75 4485.35
Gumbel 4341.96 4541.87

rotated Gumbel 4327.22 4522.37
Log Normal 4285.79 4477.27

Dagum 62881.91 63239.01

Table A5.3: AIC and BIC values for alternative choices of the marginal distribu-
tion: variable carbon, high-income countries. We only include marginal distribu-
tions that converge.

AIC BIC
Normal 4070.38 4262.20
Gumbel 4247.25 4440.75

rotated Gumbel 3999.47 4185.55
Log Normal 3958.81 4150.05

Table A5.4: AIC and BIC values for alternative copula specifications; high-income
countries. We only include marginal distributions that converge.

AIC BIC
N 7643.95 8152.33
F 7655.84 8142.45

AMH 8096.28 8519.15
FGM 8051.36 8472.11
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Figure A5.7: Histogram and QQ-plot for model residuals for high-income countries

Table A5.5: High-income countries: equation for parameter θ1 of the marginal
distribution of GINI

Estimate Std. Error z value Pr(>|z|)
(Intercept) 2.211 0.057 38.519 0.000

Manu 0.009 0.001 12.051 0.000
Serv 0.016 0.001 19.763 0.000
Agri 0.027 0.003 10.754 0.000

Urban -0.000 0.000 -0.963 0.336
fossil 0.002 0.000 10.984 0.000

polity -0.016 0.001 -17.007 0.000
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.198 8.744 350.3 ¡2e-16
s(Year) 7.640 8.440 192.7 ¡2e-16
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Figure A5.8: Spline for GDP and year for parameter θ1 for high-income countries

Table A5.6: High-income-countries: equation for parameter θ2 of the marginal
distribution of carbon

Estimate Std. Error z value Pr(>|z|)
(Intercept) 2.447 0.173 14.183 0.000

Manu 0.002 0.002 0.989 0.323
Serv -0.010 0.002 -4.774 0.000
Agri -0.052 0.007 -7.651 0.000

Urban 0.008 0.001 12.191 0.000
fossil 0.004 0.001 6.972 0.000

polity -0.027 0.003 -8.325 0.000
Smooth components’ approximate significance:

edf Ref.df Chi.sq p-value
s(GDP) 8.825 8.981 613.6 ¡2e-16
s(Year) 2.430 3.063 172.8 ¡2e-16
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Figure A5.9: Spline for GDP and year for θ2 for high-income countries
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Table A5.7: High-income countries: equation for parameter θ3 of the marginal
distribution of carbon

Estimate Std. Error z value Pr(>|z|)
(Intercept) 1.577 0.462 3.413 0.001

Manu -0.063 0.008 -8.217 0.000
Serv -0.068 0.005 -12.323 0.000
Agri -0.102 0.022 -4.563 0.000

Urban 0.008 0.003 3.138 0.002
fossil 0.007 0.002 4.135 0.000

polity 0.035 0.008 4.201 0.000
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.498 8.918 141.37 ¡ 2e-16
s(Year) 3.564 4.442 60.07 1.04e-11
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Figure A5.10: Spline for GDP and year for θ3 for high-income countries

Table A5.8: High-income countries: equation for parameter θ4 of the marginal
distribution of GINI

Estimate Std. Error z value Pr(>|z|)
(Intercept) -0.697 0.482 -1.447 0.148

Manu -0.006 0.007 -0.896 0.370
Serv -0.018 0.005 -3.274 0.001
Agri 0.053 0.030 1.742 0.081

Urban 0.020 0.002 8.304 0.000
fossil -0.014 0.002 -8.953 0.000

polity -0.021 0.008 -2.547 0.011
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.785 8.975 154.47 ¡ 2e-16
s(Year) 7.620 8.466 53.84 1.46e-08
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Figure A5.11: Spline for GDP and year for θ4 for high-income countries

Table A5.9: High-income countries, n = 864: equation for copula parameter θ5.
The results for the other model parameters θ1-θ4 are in Table A5.5-A5.8.

Estimate Std. Error z value Pr(>|z|)

(Intercept) 0.837 0.781 1.071 0.284
Manu 0.024 0.010 2.332 0.020

Serv 0.076 0.010 7.557 0.000
Agri 0.187 0.046 4.064 0.000

Urban -0.037 0.004 -8.778 0.000
fossil -0.031 0.004 -8.506 0.000

polity -0.157 0.017 -9.347 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq

s(GDP) 8.782 8.977 503.95 ¡ 2e-16
s(Year) 7.424 8.389 21.68 0.00642
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Figure A5.12: High-income countries: splines for GDP and year for the copula
parameter. The splines for the other model equations are in Figures A5.8-A5.11.
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Table A5.10: Additional country cases: high-income countries, with the respective
choices of the variables year, polity and fossil (the remaining covariates are set
to their actual value). In the last four columns: Kendall’s τ (K’s τ) and the
probability of being below the threshold for GINI and carbon and in the socially
and environmentally sustainable (SES) area in the specific setting.

Country year polity fossil Service K’s τ TH TH SES

GINI carbon Space

France 1997 10 52.9 65.4 0.483 0.021 0 0

France 2008 9 50.84 69.65 0.714 0.001 0 0

France 2009 9 50.85 70.75 0.617 0 0 0

France 2015 9 46.49 70.21 0.753 0.003 0 0

France 2015 9 80 70.21 0.362 0.002 0 0

France 2015 9 10 70.21 0.918 0.01 0 0

France 2015 10 46.49 70.21 0.712 0.007 0 0

France 2015 3 46.49 70.21 0.902 0 0 0

France 2015 9 46.49 20 -0.856 0.634 0 0

France 2015 9 10 20 -0.575 0.688 0.007 0

Australia 1997 10 93.51 63.33 -0.237 0.18 0 0

Australia 2008 10 94.35 64.49 0.597 0.215 0 0

Australia 2009 10 95.51 64.14 0.5 0.261 0 0

Australia 2015 10 89.63 67.29 0.606 0.16 0 0

Australia 2015 10 50 67.29 0.879 0.251 0 0

Australia 2015 10 10 67.29 0.964 0.491 0.001 0.001

Australia 2015 9 89.63 67.29 0.66 0.125 0 0

Australia 2015 3 89.63 67.29 0.865 0.01 0 0

Australia 2015 10 89.63 20 -0.889 0.573 0 0

Australia 2015 10 10 20 -0.004 0.655 0.05 0.033

United Kingdom 1997 10 86.72 65.29 -0.433 0.036 0 0

United Kingdom 2008 10 90.18 69.79 -0.152 0.013 0 0

United Kingdom 2009 10 87.37 71.61 -0.253 0 0 0

United Kingdom 2015 10 80.35 70.41 0.106 0.037 0 0

United Kingdom 2015 10 50 70.41 0.589 0.056 0 0

United Kingdom 2015 10 10 70.41 0.875 0.161 0 0
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United Kingdom 2015 9 80.35 70.41 0.203 0.022 0 0

United Kingdom 2015 3 80.35 70.41 0.65 0 0 0

United Kingdom 2015 10 80.35 20 -0.967 0.583 0 0

United Kingdom 2015 10 10 20 -0.72 0.66 0.007 0

5.A.2 Specifications for middle-income countries

This section displays the AIC and BIC levels for different choices of the marginals

and copula in Table A5.11-A5.13, plot of the model residuals for the selected

setting in Figure A5.13, the respective parameter estimates (Table A5.14-A5.17)

and splines (Figure A5.14-A5.17) for the distribution parameter of the marginals

θ1 − θ4 and several alternative country cases in Table A5.19.

Table A5.11: AIC and BIC values for alternative choices of the marginal dis-
tribution: variable GINI, middle-income countries. We only include marginal
distributions that converge.

AIC BIC
Normal 4248.93 4414.47
Gumbel 4264.29 4449.05

rotated Gumbel 4271.37 4427.94
Log Normal 4254.86 4420.91

Table A5.12: AIC and BIC values for alternative choices of the marginal dis-
tribution: variable carbon, middle-income countries. We only include marginal
distributions that converge.

AIC BIC
Normal 4248.93 4414.47
Gumbel 4264.29 4449.05

rotated Gumbel 4271.37 4427.94
Log Normal 4254.86 4420.91
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Table A5.13: AIC and BIC values for alternative copula specifications; middle-
income countries. We only include marginal distributions that converge.

AIC BIC
N 5362.75 5763.16

G90 154799.67 155218.74
G270 5428.51 5895.59

F 5357.09 5771.30
AMH 5669.03 5988.71
FGM 5631.33 5946.47
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Figure A5.13: Histogram and QQ-plot for model residuals for middle-income coun-
tries
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Table A5.14: Middle-income countries: equation for parameter θ1 of the marginal
distribution of GINI

Estimate Std. Error z value Pr(>|z|)
(Intercept) 44.684 2.711 16.485 0.000

Manu 0.127 0.034 3.749 0.000
Serv 0.199 0.035 5.641 0.000
Agri -0.030 0.043 -0.693 0.488

Urban -0.014 0.015 -0.928 0.353
fossil -0.181 0.008 -22.081 0.000

polity 0.118 0.026 4.476 0.000
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.348 8.788 190.4 ¡2e-16
s(Year) 5.136 6.192 137.9 ¡2e-16
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Figure A5.14: Spline for GDP and year for θ1 for middle-income countries

Table A5.15: Middle-income countries: equation for parameter θ2 of the marginal
distribution of carbon

Estimate Std. Error z value Pr(>|z|)
(Intercept) 0.137 0.137 0.998 0.318

Manu -0.000 0.002 -0.148 0.883
Serv -0.003 0.002 -1.677 0.093
Agri 0.001 0.003 0.390 0.696

Urban -0.007 0.001 -7.179 0.000
fossil 0.021 0.001 27.247 0.000

polity -0.021 0.003 -8.107 0.000
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.769 8.953 473.88 ¡ 2e-16
s(Year) 3.215 4.017 22.42 0.000172
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Figure A5.15: Spline for GDP and year for θ2 for middle-income-countries

Table A5.16: Middle-income countries: equation for parameter θ3 of the marginal
distribution of GINI

Estimate Std. Error z value Pr(>|z|)
(Intercept) 5.363 0.466 11.507 0.000

Manu -0.008 0.007 -1.206 0.228
Serv -0.045 0.005 -8.181 0.000
Agri -0.077 0.010 -8.065 0.000

Urban -0.021 0.002 -8.667 0.000
fossil 0.011 0.003 4.318 0.000

polity -0.010 0.008 -1.349 0.177
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 5.881 7.027 266.39 ¡ 2e-16
s(Year) 2.578 3.239 25.64 1.87e-05
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Figure A5.16: Spline for GDP and year for θ3 for middle-income countries
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Table A5.17: Middle-income countries: equation for parameter θ4 of the marginal
distribution of carbon

Estimate Std. Error z value Pr(>|z|)
(Intercept) -0.221 0.378 -0.584 0.559

Manu 0.003 0.007 0.408 0.683
Serv -0.011 0.004 -2.352 0.019
Agri -0.031 0.009 -3.510 0.000

Urban 0.000 0.003 0.043 0.966
fossil -0.003 0.002 -1.332 0.183

polity -0.006 0.009 -0.638 0.524
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 7.956 8.673 79.615 1.12e-13
s(Year) 2.343 2.929 2.117 0.58
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Figure A5.17: Spline for GDP and year for θ4 for middle-income countries

Table A5.18: Middle-income countries, n = 636: equation for the copula parameter
θ5. Tables A5.14 -A5.17 report the results for the model parameters θ1-θ4.

Estimate Std. Error z value Pr(>|z|)

(Intercept) 10.654 7.425 1.435 0.151
Manu -0.635 0.124 -5.120 0.000

Serv -0.188 0.078 -2.395 0.017
Agri 0.009 0.134 0.066 0.948

Urban -0.389 0.040 -9.611 0.000
fossil 0.279 0.056 4.996 0.000

polity 0.777 0.177 4.398 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq

s(GDP) 7.696 8.499 127.52 ¡2e-16
s(Year) 4.557 5.584 56.74 2e-10
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Figure A5.18: Middle-income countries: splines for GDP and year for the copula
parameter. The splines for the other model equations are in Figure A5.14-A5.17.

Table A5.19: Additional country cases: middle-income countries, with the respec-
tive choices of the variables year, polity and possil (the remaining covariates are
set to their actual value). In the last four columns: Kendall’s τ (K’s τ) and the
probability of being below the threshold for GINI and carbon and in the socially
and environmentally sustainable (SES) area in the specific setting.

Country year polity fossil Service K’s τ TH TH SES

GINI carbon Space

Argentina 1997 7 86.9 60.85 -0.673 0 0 0

Argentina 2008 8 90.65 50.26 -0.626 0 0 0

Argentina 2009 8 89.61 53.31 -0.644 0 0 0

Argentina 2014 8 87.72 52.94 -0.584 0 0 0

Argentina 2014 8 50 52.94 -0.799 0 0 0

Argentina 2014 8 10 52.94 -0.871 0 0.012 0

Argentina 2014 10 87.72 52.94 -0.51 0 0 0

Argentina 2014 3 87.72 52.94 -0.7 0 0 0

Argentina 2014 8 87.72 20 -0.147 0.226 0 0

Argentina 2014 8 10 20 -0.839 0 0.034 0

Brazil 1997 8 56.68 60.61 -0.685 0 0 0

Brazil 2008 8 52.57 56.8 -0.796 0 0 0

Brazil 2009 8 51.32 59.15 -0.795 0 0 0

Brazil 2014 8 59.11 61.25 -0.828 0 0 0

Brazil 2014 8 80 61.25 -0.772 0 0 0
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Brazil 2014 8 10 61.25 -0.892 0 0.002 0

Brazil 2014 10 59.11 61.25 -0.816 0 0 0

Brazil 2014 3 59.11 61.25 -0.853 0 0 0

Brazil 2014 8 59.11 20 -0.744 0.005 0 0

Brazil 2014 8 10 20 -0.863 0 0.013 0

Russia 2008 4 90.95 50.7 -0.593 0 0 0

Russia 2009 4 90.16 53.77 -0.372 0 0 0

Russia 2014 4 92.14 55.68 -0.595 0 0 0

Russia 2014 4 50 55.68 -0.813 0 0 0

Russia 2014 4 10 55.68 -0.877 0 0.001 0

Russia 2014 10 92.14 55.68 -0.323 0 0 0

Russia 2014 8 92.14 55.68 -0.438 0 0 0

Russia 2014 4 92.14 20 -0.126 0.323 0 0

Russia 2014 4 10 20 -0.845 0 0.01 0

5.A.3 Specification for low-income countries

This section displays the AIC and BIC levels for different choices of the marginals

and copula in Table A5.20-A5.22, plot of the model residuals for the chosen set-

ting in Figure A5.19, the respective parameter estimates (Table A5.23-A5.26) and

splines (Figure A5.20-A5.23) for the distribution parameter of the marginals θ1−θ4

and several alternative country cases in Table A5.28.

Table A5.20: AIC and BIC values for alternative choices of the marginal distribu-
tion: variableGINI, low-income countries. We only include marginal distributions
that converge.

AIC BIC
Normal 5067.89 5243.94
Gumbel 5090.19 5276.19

rotated Gumbel 5187.36 5365.09
Log Normal 5092.13 5267.62
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Table A5.21: AIC and BIC values for alternative choices of the marginal distribu-
tion: variable carbon, low-income countries. We only include marginal distribu-
tions that converge.

AIC BIC
Normal 131.31 297.84
Gumbel 366.67 547.76

rotated Gumbel -15.09 155.12
Log Normal -52.12 101.75

Dagum 46077.65 46340.50

Table A5.22: AIC and BIC values for alternative copula specifications; low-income
countries. We only include marginal distributions that converge.

AIC BIC
F 3156.32 3570.82

AMH 3269.06 3644.73
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Figure A5.19: Histogram and QQ-plot for model residuals for low-income countries
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Table A5.23: Low-income countries: equation for parameter θ1 of the marginal
distribution of GINI

Estimate Std. Error z value Pr(>|z|)
(Intercept) 57.667 2.533 22.768 0.000

Manu -0.198 0.040 -4.938 0.000
Serv -0.055 0.021 -2.585 0.010
Agri -0.322 0.032 -10.020 0.000

Urban 0.087 0.025 3.532 0.000
fossil -0.160 0.007 -22.650 0.000

polity 0.085 0.019 4.496 0.000

Smooth components’ approximate significance:
edf Ref.df Chi.sq

s(GDP) 8.393 8.871 334.91 ¡2e-16
s(Year) 3.165 4.017 95.11 ¡2e-16
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Figure A5.20: Spline for GDP and year for θ1 for low-income countries

Table A5.24: Low-income countries: equation for parameter θ2 of the marginal
distribution of carbon

Estimate Std. Error z value Pr(>|z|)
(Intercept) -1.020 0.183 -5.570 0.000

Manu 0.003 0.002 1.078 0.281
Serv -0.002 0.002 -0.839 0.401
Agri -0.004 0.002 -1.592 0.111

Urban -0.003 0.002 -1.628 0.103
fossil 0.020 0.001 36.995 0.000

polity -0.003 0.002 -1.114 0.265
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.734 8.968 800.1 ¡ 2e-16
s(Year) 2.555 3.234 50.9 1.4e-10

158



1000 3000

−
1.

5
−

1.
0

−
0.

5
0.

0
0.

5
1.

0

 θ2

GDP

s(
G

D
P,

8.
73

)
1990 2000 2010

−
1.

5
−

1.
0

−
0.

5
0.

0
0.

5
1.

0

 θ2

Year

s(
Ye

ar
,2

.5
6)

Figure A5.21: Spline for GDP and year for θ2 for low-income countries

Table A5.25: Low-income countries: equation for parameter θ3 of the marginal
distribution of GINI

Estimate Std. Error z value Pr(>|z|)
(Intercept) 1.597 0.578 2.763 0.006

Manu 0.017 0.008 2.210 0.027
Serv -0.021 0.007 -3.219 0.001
Agri -0.020 0.008 -2.369 0.018

Urban 0.012 0.004 2.774 0.006
fossil 0.006 0.002 3.519 0.000

polity 0.005 0.007 0.703 0.482
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.124 8.756 56.03 9.66e-09
s(Year) 1.797 2.264 16.27 0.000636
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Figure A5.22: Spline for GDP and year for θ3 for low-income countries
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Table A5.26: Low-income countries: equation for parameter θ4 of the marginal
distribution of carbon

Estimate Std. Error z value Pr(>|z|)
(Intercept) -3.883 0.489 -7.943 0.000

Manu 0.018 0.008 2.342 0.019
Serv 0.014 0.006 2.387 0.017
Agri -0.015 0.007 -2.199 0.028

Urban 0.044 0.004 9.928 0.000
fossil 0.008 0.002 4.365 0.000

polity -0.019 0.007 -2.621 0.009
Smooth components’ approximate significance:

edf Ref.df Chi.sq
s(GDP) 8.867 8.988 260.67 ¡ 2e-16
s(Year) 6.918 8.000 32.22 8.53e-05
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Figure A5.23: Spline for GDP and year for θ4 for low-income countries

Table A5.27: Low-income countries: equation for the copula parameter, n = 898.
All results for the model parameters are in Table A5.23-A5.26.

Estimate Std. Error z value Pr(>|z|)

(Intercept) -22.475 6.782 -3.314 0.001
Manu 0.446 0.104 4.271 0.000

Serv 0.245 0.072 3.401 0.001
Agri 0.028 0.095 0.292 0.770

Urban 0.147 0.049 3.020 0.003
fossil -0.103 0.021 -4.968 0.000

polity -0.060 0.072 -0.839 0.402

Smooth components’ approximate significance:
edf Ref.df Chi.sq

s(GDP) 8.485 8.889 77.927 3.92e-13
s(Year) 1.000 1.000 1.393 0.238
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Figure A5.24: Low-income countries: splines for GDP and year for the copula
parameter. The splines for the other model equations are in Figures A5.20-A5.23.

Table A5.28: Additional country cases: low-income countries, with the respective
choices of the variables year, polity and fossil (the remaining covariates are set
to their actual value). In the last four columns: Kendall’s τ (K’s τ) and the
probability of being below the threshold for GINI and carbon and in the socially
and environmentally sustainable (SES) area in the specific setting.

Country year polity fossil Service K’s τ TH TH SES

GINI carbon Space

Bolivia 1997 9 78.35 49.22 -0.3 0 0.026 0

Bolivia 2008 8 82.6 40.5 -0.599 0.008 0 0

Bolivia 2009 7 80.96 43.51 -0.562 0.007 0.001 0

Bolivia 2014 7 84.15 41.47 -0.811 0.007 0.063 0

Bolivia 2014 7 50 41.47 -0.773 0 0.156 0

Bolivia 2014 7 10 41.47 -0.706 0 0.577 0

Bolivia 2014 10 84.15 41.47 -0.813 0.007 0.054 0

Bolivia 2014 3 84.15 41.47 -0.809 0.007 0.076 0

Bolivia 2014 7 84.15 20 -0.848 0.048 0.017 0

Bolivia 2014 7 10 20 -0.787 0 0.566 0

India 1997 8 61.77 39.08 -0.137 0.001 0.11 0

India 2008 9 69.01 45.88 -0.232 0.002 0 0

India 2009 9 71.14 45.98 -0.251 0.002 0 0

India 2012 9 72.42 46.3 -0.406 0.004 0 0

India 2012 9 50 46.3 -0.211 0 0 0
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India 2012 9 10 46.3 0.218 0 0.615 0

India 2012 10 72.42 46.3 -0.411 0.004 0 0

India 2012 3 72.42 46.3 -0.38 0.004 0 0

India 2012 9 72.42 20 -0.684 0.044 0 0

India 2012 9 10 20 -0.408 0 0.455 0

Egypt 1997 -6 94.16 48.15 -0.572 0.001 0 0

Egypt 2008 -3 96.16 46.67 -0.868 0.001 0 0

Egypt 2009 -3 96.4 46.57 -0.875 0.004 0 0

Egypt 2014 -4 97.93 52.32 -0.871 0.039 0 0

Egypt 2014 -4 50 52.32 -0.847 0 0 0

Egypt 2014 -4 10 52.32 -0.818 0 0.094 0

Egypt 2014 10 97.93 52.32 -0.874 0.028 0 0

Egypt 2014 3 97.93 52.32 -0.873 0.033 0 0

Egypt 2014 -4 97.93 20 -0.897 0.135 0 0

Egypt 2014 -4 10 20 -0.866 0 0.006 0
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6 Conclusion

Poverty, inequality and environmental degradation are not isolated issues but re-

sults of multifaceted socioeconomic mechanisms and interdependencies. Providing

a clear picture of their interconnected nature could help us understand how to

combat them. Regression techniques beyond the mean provide a tool to shed light

onto dependence structures that conventional analysis cannot reveal. A special

focus on time allocation enlightens the social embeddedness of economic decisions

and helps explain gender differences in poverty.

Time for unpaid work is necessary to sustain a family. This work needs to be done

and is difficult to relinquish. Social norms consolidate unequal labor division at

home. Women’s specialization in care provision leads to significant gender gaps

in labor market outcomes. The temporal inflexibility of unpaid work, such as

childcare, restricts job choice often channeling women into flexible but poorly paid

informal work. The association between employment status (unemployment, in-

formal and formal employment) and unpaid work time varies significantly between

men and women in Mexico, inhibiting women’s formal employment. In particular,

time spent on childcare is significantly related to the employment status of women

but not of men. Time spent on housework exhibits a significantly higher asso-

ciation with women’s employment status than men’s, while errand and financial

management show no gender difference. A deeper understanding of this recip-

rocal relationship requires further studies that take into account the dependence

structure. However, tools such as copula models need to be further developed for

hierarchical outcome variables, including employment status. Relatedly, studying

the interlinkages of leisure and monetary income in Mexico provides insights into

interdependencies of time-use and labor market outcomes.

Analyzing the strength of the relationship between leisure and income offers in-

sights into vulnerability to poverty at the intersection of gender and ethnicity.

Distributional copula models capture these dynamics by moving beyond mean

regressions, allowing for an in-depth analysis of varying dependencies. Different

variables influence the strength of the interdependence of leisure and income. Ed-

ucational level and number of children intensify the interrelation of leisure and
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income, and thus vulnerability to poverty, for women but not for men in Mexico,

especially in the lower levels of their distribution. This illustrates the complex

and diversified relationship among poverty dimensions that are not revealed by

conventional approaches.

The bivariate relative poverty line, based on the joint distribution of individual

income and leisure, expands the picture of and provides new insights into bidi-

mensional poverty analysis. This data-driven approach relaxes assumptions on

substitutability by developing a poverty threshold using a quantile of the joint

distribution of leisure and income. In addition, it advances the debate by using

individual specific measures for leisure and consumption that reveal significant

gender inequality. This relative approach has indicated an incidence of poverty

that is 18 percentage points higher than that found in absolute measures. It un-

ravels differences at the intersection of gender and ethnicity in absolute and relative

leisure and income poverty. In Mexico non-indigenous women are more vulnera-

ble to relative poverty while indigenous women are more vulnerable to absolute

poverty.

A comprehensive measure of time and income poverty requires three determinants:

monetary income, unpaid work and leisure. A life without such deprivations de-

pends on a minimum of each of these measures, which cannot be substituted by

one another. However, they are most likely non-linearly substitutable above these

thresholds. More specific data is needed to develop accurate measures of individual

access to money, unpaid work and leisure, to enable setting appropriate minima.

In addition, developing a mathematical tool for three-dimensional poverty can pro-

vide data-driven estimates of the substitutability above the separate thresholds by

using the joint distribution of all three aspects. Such tool can provide a com-

plete picture of deprivations in time and income poverty, which aids to identify

individual and household needs.

Analyzing dependence structures of environmental degradation and inequality also

sheds light onto the interconnection of social and ecological sustainability. Distri-

butional copula models help understand the mechanisms at play to reduce income

inequality and carbon emissions to transit into a socially and environmentally
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sustainable future. Their interplay change among country groups due to differ-

ing macroeconomic settings. The varying strength of dependence implies that

diversified solutions are needed to combat income inequality and carbon emissions

simultaneously. The development of such solutions requires a deeper understand-

ing of the macroeconomic channels. For example, further research can explore the

strength of the dependence between income inequality and carbon emissions, which

likely varies with the composition of the services consumed, due to their highly

differing energy use. Moreover, global level analysis between countries can com-

plement these within country findings, as poor countries disproportionately lose

from environmental degradation and suffer from global income inequality, while

the rich disproportionately benefit. Additional analysis requires advancements in

the integration of panel analysis into copula models to make full use of longitudinal

data.

It is time to understand complex dynamics in the interlinkages of poverty di-

mensions and sustainability goals. Integrating leisure and unpaid work time into

poverty analysis generates a comprehensive measure of individual and household

deprivations. This helps to identify strategic gender needs to reduce gender in-

equality. Moving beyond the mean in regression analysis can support the devel-

opment of strategies to lift people out of poverty and generate a prosperous and

sustainable future.
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