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disease, and hence impervious to the hypothesized mechanism) is also applied. We find that
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1. Introduction

Consider two areas, X and Y, both poor (with similarly low per capita incomes), but with income inequality
substantially higher in X than in Y. Suppose individual A is poor and B is rich, and both reside in X. It is
reasonable to expect B to be healthier than A because B is richer.™ Specifically, suppose people like A are
significantly more prone to catching, harboring, and transmitting airborne infectious diseases, such as
tuberculosis (TB). Finally, suppose people like A and B randomly mix and linger in social settings of area X
(such as schools, workplaces, public transportation, etc.). We posit infections are more likely to spread or

v

linger in area X than in Y. We label this the “mixing hypothesis.”

Two mixing models underly the hypothesis are at play and Challenging to separate.

e First, in a poor community (low per capita income) with low-income inequality, most are
impoverished and likely to be infected and infectious. In such settings, income-assortative mixing
among the poor means the susceptible poor are very likely to come in touch with other (infected)
poor and get infected. Since the per capita incomes in X and Y are similar, poor residents of X (such

as A) are as likely to get infected as their counterparts in Y.

® Second, in a poor community with high-income inequality, the affluent are more likely to come in
contact with the (infected and infectious) poor under income-disassortative mixing. Consequently,
richer individuals in such communities would be at a higher risk of infection than similar individuals

elsewhere: richer people like B are more likely to be infected in X thanin Y.

This simple reasoning implies that the rich are an added contributor to overall disease prevalence in X than in
Y. This suggests that overall infection levels will be higher in high-income-inequality areas compared to

comparable low-income-inequality areas with similar per capita incomes. This paper documents cross-country

¥ There is a well-studied and documented direct connection between income and health -- high-income people and countries are
likely to be healthier. The positive slope is intuitive: after all, low-income people often face significant barriers to medical care

47,48 49,50

access*’*, are more likely to smoke***°, abuse drugs®'*?, be obese®, and face chronic stressors®*** like financial hardship. These

factors, in concert, can reduce immunity, increase vulnerability to disease, and cause poor health.

¥ A related literature explores the presence of a health-income inequality gradient®* ¥, a more controversial hypothesis*®. One set
of explanations assert that A may have poorer health if they feel economically disadvantaged relative to B in a reference group,
precipitating stressful social comparisons®. Ambient income inequality may also influence the health of both A and B if affluent
people like B support disinvestment in public health or education, or social capital®'-*’. These explanations are usually indirect and
rely on interpersonal, group-identity comparisons, or indirect “general equilibrium” considerations.
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evidence in support of this hypothesis. It finds a robust positive association between TB prevalence and income

inequality across countries after controlling for per capita income.

This empirical association in cross-country data is consistent with the mixing hypothesis and supports further
analyses using individual-level data to test it. We discuss several threats to our interpretation and partially
defend against them using a “negative control” check. Consider one such threat. Suppose in place of social
mixing, another distinct channel (such as low political support for public health from the affluent) drives the
association between TB and inequality. It stands to reason that such a channel would also lead to an association
between anemia, a non-communicable disease of poverty, and inequality. We find little evidence of that,
which makes the political support hypothesis less likely. Of course, there may be other phenomena we cannot
check using cross-country data. As discussed below, we do not claim to have shown that income inequality is

an independent contributor to TB prevalence.

Our choice of infectious disease, tuberculosis, is motivated by previous work on the worldwide prevalence
of the disease, its pathology, modes of transmission, and related factors. Pulmonary Tuberculosis (TB) is an
infectious disease caused by Mycobacterium tuberculosis, with an estimated 10 million new cases and 1.5 million
deaths annually. Its incidence varies widely and is over 500 per 100,000 in many low- and middle-income
countries. Tuberculosis is distinct among infectious diseases because it is transmitted almost exclusively
through the air." Moreover, the transmission does not require close contact and may occur by ‘sharing air’
in insufficiently ventilated indoor spaces *. At the population level, Janssens and Rieder (2008) document
that doubling GDP per capita is associated with a 38.5% decrease in TB incidence across countries’. Oxlade
and Murray (2012) and Andrews et al. (2015) present evidence from India that the lowest wealth quintiles

have a five-fold higher incidence of TB than the wealthiest quintile“’5 .

Our mixing hypothesis relies on two links. First, low-income people are more likely to catch, harbor, and
transmit TB onward. Second, there is considerable social mixing and extended contact between low-and

high—income people in a high—income—inequality area.

Regarding the first link: At the micro level, it is undisputed that the vast majority of the less affluent live
and work in poorly ventilated and overcrowded conditions ideal for spreading TB bacteria. Many suffer from

malnutrition and disease — particularly HIV — which reduces resistance to TB. And they have limited access

" A necessary step in TB transmission is “the expulsion of bacilli from the lungs of infected individuals and their release into the
surrounding air in a form that can remain viable during aerial transit.” Coughing is the primary transmission channel, but

breathing and talking are also important .
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to healthcare. Given how infectious the disease is, just one person with untreated TB can pass the illness on
to 10-15 other people annually. There is a strong association between income/poverty and TB, as

documented by numerous WHO reports; country-specific studies include Brazil e Portugal 7 and Uganda 8,

Incomplete adherence to tuberculosis (TB) treatment increases the risk of continued transmission in the
community’. At the neighborhood level, there is substantial evidence that low socioeconomic status areas in
developing countries such as India and Brazil have higher TB rates. Low socioeconomic individuals have a

10,11 " Some studies find a similar pattern in the us', Non-compliance

higher risk of treatment abandonment
with treatment regimens, once detected with active TB, is also related to household incomes. Researchers in
various country settings report that TB patients with higher household incomes were less likely to report non-

compliance with standard treatment regimens. Also, patients who felt that the economic burden related to

TB treatment was high were more likely to report non—compliance”.

Regarding the second link: for our mixing hypothesis to have credence, a substantial fraction of
transmission must happen in community settings where people of different income strata repeatedly
congregate. While routes of transmission differ in high vs. low-incidence countries, the literature suggests
that about 8-19% of transmission happens within households, while the rest occurs in the community, such
as in workplaces and schools.”"* Community transmission of tuberculosis depends on the burden of prevalent

tuberculosis; how individuals live, work, and interact; and the quality and capacity of public health systems".

Social-mixing patterns depend on age and demographic structure, cultural behaviors, population density, and

migration patterns'®""

. There is evidence of widespread sex-assortative social mixing and high rates of
workplace contact for men'’. Closer proximity and longer duration of contact (such as in workplaces,
churches, bars, in-home help, crowded cafeterias, and cinema halls) between infected and susceptible
individuals increase the risk of onward transmission'®. A study by Classen and colleagues find that in high TB

incidence areas, contact outside the household (during recreation, drinking in groups) may be more critical

for the transmission of TB than household contacts'®.

A key source of community transmission is the presence of urban slums in many of the populous cities in the

developing world. For example, the prevalence of TB is significantly higher in the slums than in the non-slum

vii o study in Hong Kong found participants with more years of education and higher income levels were more likely to report
more social contacts, “showing a tendency for individuals with more years of education and higher income levels to spend more

time on social and leisure activities, while the individuals with less education and lower income levels spent more time on

household commitments.”®*
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areas of Mumbai, Chennai, and Kolkata.'””*" Many residents of urban slums work in non-slum areas as
maids, carters, babysitters, masons, hawkers, drivers, cleaners, secretaries, or clerks in supermarkets’',
where repeated and prolonged contact across income strata is commonplace.™ For our current purposes, the
upshot is that income-disassortative social mixing is an essential determinant of TB transmission. In many
mixing events or spaces listed above, the infected and susceptible individuals are not segregated by income,

22,x

even if they are segregated by housing and neighborhoods

Figure 1a is a plot of the logarithm of tuberculosis (TB) incidence (new cases per 100,000 people in a year)
versus the logarithm of the Gini coefficient of income for ninety-seven countries in 2010. Figure 1b plots the
logarithm of tuberculosis (TB) incidence versus the logarithm of the per capita income across the same

countries and year.
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(a) LogTB incidence versus Log Gini  (b) LogTB incidence versus Log GDP per capita
Figure 1: Tuberculosis incidence
A quick look at the figures indicates a clear, positive association in Figure la and a negative association in

Figure 1b.

" Not just TB: In the case of Covid, Sahasranaman and Jensen studied slum and non-slum areas in six major cities®*. They report
that neighborhoods with slums are found to contain the highest density of cases across all cities under consideration, revealing

that slums “constitute the most at-risk urban locations in this epidemic.”

* Rains and colleagues provide satellite imagery evidence to document that slum and non-slum areas are often found right next to
each other in Indian cities*. Indeed, the affluent often go to specific slums looking for workers. In Delhi and Mumbai, the biggest
slums actively participate in the handicraft industry, food-processing business, and the leather works business.

¥ The evidence cited above is suggestive but not conclusive: there does not appear to be any direct, micro-level, income-salient

contact data on such mixing, a point we will return to later®.
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While this first look at the data is provocative, many extraneous factors apart from inequality might impact
the correlation. We address this problem in three ways. First, we adopt a longitudinal approach in our data
analysis, focusing on the relationship between changes in inequality and disease prevalence within countries
rather than cross-country comparisons. Second, we adopt a statistical method that adjusts for measurable
variables that may explain our correlation. Finally, we use a negative control (discussed below) using anemia

and diabetes, both non-communicable diseases and immune to our mixing hypothesis.

We find that Gini is positively associated with TB incidence but not with anemia or diabetes. A 10% increase
in the Gini coefficient is associated with a 4% increase in TB incidence. In contrast, such a relationship was

either not seen with anemia or diabetes or was only weakly related.

With Covid raging across the planet, many ecological studies have documented an association between
Covid-related outcomes (such as morbidity) and income inequality. For example, Oronce et al. show that
US states with higher income inequality experienced higher deaths due to Covid”. Similarly, Elgar et al.
found income inequality was associated with 30-day mortality rates in 84 countries™. These findings suggest
that income inequality may explain why some parts of the world are hit harder by the Covid pandemic than

others.

Our findings for TB are in line with these studies. They support the general notion, pioneered by Holtgrave
and Crosby, that income inequality is associated with TB prevalence”. Our research design and
methodology move the literature further: using system-GMM and negative controls, we provide a state-of-
the-art analysis that shows a robust correlation for TB and a weak one for non-infectious diseases such as

anemia.

These findings offer indirect credence to our proposed causal mechanism involving social mixing. But like all
ecological studies, ours fail to establish a causal connection; specifically, we do not (nor can we) show that
income inequality independently contributes to TB prevalence. In this context, we view our results as

hypothesis-generating instead of hypothesis—confirming."i

* As Ranstam makes clear, “Many null hypotheses are tested in order to generate study hypotheses for further research, others to

confirm an already established study hypothesis.” ¢
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2. Data

We draw on data from the World Health Organization (WHO), the World Bank, and the World Income

Inequality Database (WIID) to construct a panel for a large cross-section of countries during 1995-2013.

2.1 TB incidence and prevalence

TB data are reported to WHO annually by its member states and compiled in the global TB database. They
are reviewed and validated in collaboration with reporting entities. For countries where case notifications did
not capture all incident cases that occurred within a year (based on a standardized checklist), special studies,

including TB prevalence surveys or inventory studies, contribute to incidence estimates.

Disease incidence is a flow while prevalence is a stock, computed using past incidence and correcting for both
the duration of the disease and recovery. Incidence is the estimated number of new (and relapsed) TB cases
in a year per 100,000 population.™ It is calculated by dividing the number of subjects developing the disease
over a certain period by the total number of subjects followed over that period. Intuitively, this is the
probability a subject within a population will develop TB over a specified period. By contrast, TB prevalence
is the number of cases of TB per 100,000 population at a given time, the proportion of people in a population
having TB. The prevalence of TB tells us how much transmission is occurring. There are important reasons
to use both as independent variables. The prevalence measure is of value because it reflects the burden of a

disease in a population, which can help governments decide where to target healthcare investments.

There are several well-recognized problems with country-level TB data that may threaten the robustness of
our findings. First, there is often a wide gap between the number of people who develop TB and those
recorded and identified by public or private health centers. These “missing people” were not diagnosed and,
therefore, not treated. This problem is particularly common among children under the age of fifteen. Second,
almost all ecological work in this area uses data from national prevalence surveys that are subsequently
adjusted: “notification data adjusted by a standard factor to account for under-reporting, over- and under-
diagnosis; inventory studies that measure under-reporting; and expert opinion on TB detection gaps.*”

Incidence estimates, which rely on these prevalence surveys, may therefore underestimate true prevalence.

Additionally, poorer countries that lack high-quality surveillance systems and rely primarily on notification

*i Estimates were made based on case notifications from each country and the reference year with the most accurate incidence,
the year in which a survey was carried out, or the year in which incidence was first estimated.
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data. However, notification policy changes over time may be driven by changes in notification rates, which
introduces multiple biases in the data. Nevertheless, the data we use is the best aggregate-level data available

and is the same used by Chakaya et al 2% 4n computing the global burden of TB.

As discussed below, we use anemia and diabetes as negative controls to check the mixing hypothesis. Our
data on anemia are taken from Global Health Observatory Data from World Health Organization. We analyze
anemia data from 2000 and 2013 (the longest continuous publicly available series). The data measures the
prevalence of anemia among non-pregnant women with hemoglobin levels less than 12 g/dL. The data on
hemoglobin in women of reproductive age was obtained from household surveys that collected blood
hemoglobin concentration; these data are adjusted for elevation, smoking, and time trends using a Bayesian
hierarchical mixture model”’. Our data on diabetes prevalence is from NCD-Risc?, which collects data from
751 studies that are population-based and had collected biomarkers and then estimated the trend using a
Bayesian hierarchical model. Since diabetes data is available only in prevalence form, a cumulative variable of
new incidence, and since diabetes is an incurable disease, we take the first difference to measure new

incidence.

2.2 Income inequality

The Gini coefficient is the most frequently used measure of the extent of income inequality for a given
community or society. It is defined as half of the arithmetic average of the absolute differences between all
pairs of incomes in a population, the total then being normalized by mean income. If income in a population
is distributed completely equally, the Gini value is 0; if a single person has all the income (maximum
inequality), the Gini is 1.0. We used the Gini coefficient data from the World Income Inequality Database
(WIID)*. We exclude countries from our analysis where the data are reported as low quality or are not

representative of the country’s entire geographic area or population ™. We extrapolate data points for years

where data are unavailable by imputing information from the closest preceding observation.

The Gini coefficient measures the gap between each person’s income and that of others in their community.
For our purposes, lacking direct evidence of social mixing across income strata, we use the income Gini as a

proxy for community heterogeneity. Such heterogeneity, as argued before, may bring about increased

i If the best possible Gini is expenditure-based and is systematically lower than income inequality, we follow Deininger and
Squire®® and add 6.6 to the expenditure-based Gini.



disassortativity of social mixing by increasing the proportion of income-heterogenous people and lead to

increased infections if disease prevalence differs by income groupsgo v,

The Gini is undoubtedly the most popular measure of income inequality. It is a popular choice in ecological
studies such as ours mainly because of its wide availability and ease of interpretation. There is some debate
about its usefulness because it can have the same value for two different income distributions. This concern
is not unique to the Gini: any inequality measure which compresses the Lorenz curve into a single parameter
faces this problem. Blesch et al.’' advocate for multi-parameter models, while Mirza et al.*” suggest using
night-light data to fill gaps in inequality measurement. We follow much of the epidemiology literature and

use the Gini, as do Tan et al.” and Sepulveda and Brooker.**

2.3 Control variables

We select control variables based on what is most often used in the literature. These include economic
variables that affect new TB infections, such as years of schooling (from the Penn World Table), GDP per
capita, public health expenditure (% to GDP), poverty, and the share of people living in urban areas (from
World Bank). We include data on HIV prevalence (from World Bank) and BCG coverage (from BCG Atlas)
to control for medical conditions related to TB risk. We also include data on age composition, including
population ages 65 and above and males between the ages of 15 and 40. Because nutritional intake heavily
influences anemia prevalence, we include the population whose food consumption is insufficient to give the

dietary energy levels necessary to maintain a normal, healthy life.

One difficulty we face is a bi-directional correlation: while inequality may be linked to TB prevalence, the
latter may also influence income inequality. It is challenging to isolate exogenous variation in income
inequality within a country, much less across a broad cross-section of countries. Nevertheless, the economics
literature studying the shifters of income inequality has found that changes in foreign direct investment (FDI)
and trade are robust shifters of within-country inequality but are plausibly exogenous to disease
transmission””. We include them in our instrumental variable regression analysis. The World Bank provides

data on trade (the sum of exports and imports as a share of GDP). The IMF provides data on foreign direct

*¥ In mathematical modeling studies of infection spread, it is common to showcase the Lorenz curves (and associated Ginis),
which plot the cumulative proportion of incident infections (y-axis) against that of the population (x-axis), after ranking
population subunits (in our case, income) in order of their incidence rates. As Chen et al. argue, the Gini is interpretable as a
summary measure for the degree to which infections are asymmetrically distributed between subpopulations®”.
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investments (net inflows of investment to acquire a lasting management interest in an enterprise operating in

an economy).
Negative controls

Our regression model tries to quantify the relationship between TB and income inequality after controlling
for various variables. Even if we find a significant relationship, there may be several explanations beyond the

mixing hypothesis we are testing that are consistent with the finding.

a. By their very nature, high-income-unequal countries have an overwhelming presence of poor
people and few rich people. If TB is a disease of poverty, then the poor with comprised nutrition
are more likely to catch, harbor, and transmit it. That, in and of itself, can explain why two
countries with similar per capita incomes but different income inequality can show different levels
of prevalence of TB. In other words, irrespective of the validity of the mixing hypothesis, an
association between TB and income inequality may appear at the cross-country level.

b.  Classic aggregation bias arises whenever analysts test hypotheses about individual-level relationships
with data that averages individual-level data. Specifically, the issue may arise from a) a non-linear
relationship between TB infectivity and income at the individual level*® and b) aggregating
individual input data, each with idiosyncratic measurement errors, across spatial, temporal, and
activity scales (as would be the case for our variables of interest). Analyses unaware of the
aggregation bias may report associations between population-level TB prevalence and income
inequality, even though income inequality has no causal effect on the chance of any individual
contracting the disease.

c. Another channel, distinct channel social mixing such as low political support for public health from

the affluent’, drives the association between TB and inequality.

We contend that our testing of negative control conditions — anemia (or, to a lesser extent, diabetes) may
serve a useful purpose. First, anemia, like TB, is also a disease of poverty. It should be subject to arguments
(a) and (c) above. Second, anemia is negatively associated with individual income mainly because nutrition
improves with income. (Diabetes, on the other hand, is positively associated with income, but that picture
is changing™. ) Both diseases likely exhibit a non-linear relationship between individual income and

incidence and may be subject to aggregation bias. Third, measurement errors arising from aggregating

* Four out of five people in the world with diabetes now live in low- and middle-income countries.
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individual input data across spatial, temporal, and activity scales would likely also affect our negative
control analyses on anemia and diabetes data. Therefore, by the logic of (b) or (c), anemia or diabetes
prevalence should also be associated with country-level income inequality. Fourth, if our result for TB is
driven purely by the overwhelming presence of the poor in income-unequal countries, anemia should also
show a strong correlation with income inequality. As shown below, it does not: the correlation of anemia or
diabetes prevalence with income inequality is low and, notably, much lower than the same for TB
prevalence. Of course, one critical difference between TB and anemia and diabetes is that the former is

communicable while the latter two are not.

3. Methods & Estimation Strategy

3.1 Dynamic Panel Data Analysis

Our dependent variables are new incidences of TB in a year and anemia prevalence; the explanatory
variable of interest is the Gini. We log-transform the variables to achieve log-linearity, which has the added
benefit that the regression coefficient of Gini measures its elasticity (how responsive it is to changes in the
variable). We estimate the relationship between changes in disease incidence and income inequality rather
than the cross-sectional correlation, thereby reducing omitted-variable bias by controlling unobservable

country characteristics, such as socio-cultural and geographical variations, that are time-invariant.

We employ a multivariate panel data model by controlling potential variables that rnight alter disease

incidence and inequality. Our model is as follows:
(1) TBy = yPrev;,_4 + BGiniy + x;:6 + { + a; + v,

7 captures the effect of the lagged TB prevalence on its current TB incidence, X;, is a vector of control

it
variables and /3 is the elasticity of Gini on new TB incidence. If the Gini increases by 1 percent, TB incidence

increases by [3 percent. We also include country and time-fixed effects in the specification.™

I Time fixed-effects allow us to reduce bias from unobservables that change over time but are constant over countries, and
country fixed-effects control for factors that differ across countries but are constant over time. For us, this means differences in
income inequality across countries are not because they are at different stages of development or have different climates or
different political structures — these factors do not change quickly over short lengths of time - but because there are time-varying
factors within a country that are responsible.
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We include lagged prevalence (Prev;:_1) as a measure of direct exposure, itself a function of TB incidence.
Thus, statistically, it is equivalent to having a lagged dependent variable as an explanatory variable. Such an
inclusion introduces potential statistical bias and inconsistency when using a standard panel fixed-effect model
because of the correlation between the error and the lagged regressor. We applied the system-GMM

xvii

estimation developed by Arellano-Bover/Blundell-Bond™* to correct this problem The primary
estimation method of system-GMM uses internal instruments, which are lagged values of the covariates.
Using lagged instruments allows us to rule out reverse causality, but we cannot be sure that an unobservable
factor affects both income inequality and disease spread. So we also include trade and foreign direct

investment as external instruments well-known in the economics literature as external shifters of income

disp arity.

Dynamic panel-data analysis is well suited to the data we have. We use the System-Generalized Method of
Moments (GMM) estimator developed for dynamic models by Arellano and Bover?®® and Blundell and Bond®.
GMM is a statistical method combining observed economic data with information in population moment
conditions to estimate unknown parameters. System GMM estimates equation (1) by instrumenting
endogenous variables using their first differences and estimates the first-differenced equation of (1) by
instrumenting the endogenous variables by their lagged values. We assume the error term to be serially
uncorrelated because an Arellano and Bond autocorrelation test rejects autocorrelation on the first-
differenced errors at the second order. We restricted the set of instruments to lag 3 and collapsed the

instruments into one column to prevent them from overfitting the endogenous variable.

Using the system-GMM method has several advantages. First, it permits us to account for the effect of past
realizations of the dependent variable (TB) on the current independent variable (Prev). Second, it controls the

unobserved ecological conditions such as geography and weather by including country-fixed effects. Third,

<4 Ordinary least square (OLS) estimation and fixed effect estimation are biased due to the presence of the lagged dependent
variable®®. The difference GMM estimator proposed by Arellano and Bond® has been widely used in the literature on dynamic
panel data. The first difference GMM uses higher-order lags as an instrument for the first-differenced variables assuming errors
are serially uncorrelated and independent across countries. Maintaining the assumption that TB incidence and income inequality
(and other regressors) are uncorrelated contemporaneously, the Arellano and Bond®” tests show that lagged values of the
predetermined Gini;; and X;; are valid instruments for the first-differenced equation. However, solely applying first-difference
GMM in this study could be problematic because variables such as income distribution and education tend to be persistent causing
a weak instrument problem. Blundell and Bond*” suggested a system GMM that adds a set of level equations instrumented by
their own lagged differences to solve this challenge when the initial deviation of explanatory variables, TB incidence, income
inequality, and GDP, are uncorrelated with the country fixed effect. In addition, the validity depends on the AR(2) test statistics,
which test the serial correlation of the original error term. Our test statistics shows that serial correlation does not appear to be
an important concern.
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using lagged dependent variables as (“internal”) instruments is an advantage, as valid external instruments are

typically challenging to construct.

Although non-communicable diseases (such as anemia or diabetes) do not spread through interaction, their
prevalence tends to be highly persistent. Given that the only accessible data on non-communicable disease is
the prevalence data, we include lagged prevalence to account for the persistent nature of the disease and use

the same estimation method as TB.

4. Results

Figure 2 displays the estimated correlation between the logged GDP, the logged Gini coefficient, and the
95% confidence interval. TB1 shows the estimated coefficient from the estimation results using only lagged
instruments. TB2 shows the result when employing additional external instruments -- FDI and openness of

the economy. Anemia and diabetes in Figure 2 shows the coefficients estimates for logged GDP, the logged

Gini coefficient but with anemia and diabetes prevalence as dependent variables. The coefficient of Gini ([3)
in the TB estimation is near 0.4 and statistically significant at the 5% level. If Gini increases by 10%, TB
incidence is predicted to rise by 4%. More precisely, compare two countries, X and Y, with income inequality
in X being 10% higher in X than in Y. Even correcting for differences in mean incomes across the two, our
estimates predict that TB incidence in X is 4% higher than in Y. The coefficient of Gini in the anemia
estimation is near -0.07, meaning a 10% increase in Gini is associated with a 0.7% reduction in anemia
prevalence. Gini was positively associated with diabetes prevalence by 0.025. In both cases of the non-

communicable disease, the elasticity with Gini is substantially smaller than that of TB.

Higher average income significantly lowers TB incidence; the estimated coefficient is -0.24 and statistically
significant at the 5% level. These results imply that a 10% increase in income is associated with a 2.4%
decrease in TB incidence. The association between GDP and anemia and diabetes prevalence is not statistically

si gnificant.
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Figure 2: Estimated elasticities of disease Concerning income inequality and income.

Notes: The coefficients of Gini and GDP per capita from each regression are for TB, anemia, and diabetes. TB1 uses only lagged
instruments, while TB2 employs additional external instruments -- FDI and openness of the economy. The model is estimated as
described in the Methods & Estimation Strategy section. This estimation uses external Gini shifters, foreign direct investment,
and openness of the economy. Estimations adjusted for years of schooling, GDP per capita, public health expenditure, poverty,
and the share of people living in urban areas. In addition, TB estimations control for HIV prevalence and BCG coverage. Error

bars are 90%, 95%, and 99% Cls based on robust standard errors. The complete set of result tables is presented in the Appendix.

5. Discussion and caveats

Proper testing of our mixing hypothesis would require micro data on mixing patterns among individuals
with different incomes. To our knowledge, while such data exists for mixing by age and gender, it does not
yet exist for income* . Without such data, we do not know if social mixing is predominantly random and
ensuring. In reality, it may be that rich people congregate primarily with the other rich and deliberately stay
away from places where mixing with the poor is unavoidable. More importantly, our ecological study
cannot definitively rule out other possible causal mechanisms. Future research analyzing contact tracing data

may help shed more light on this matter*'.
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That we rely on the system GMM estimator may be a limitation. While system GMM estimation is an
improvement over standard panel data estimation, it is known to be sensitive to specification assumptions*>*.

According to Bellemare et al., identification using lag instruments is only reliable under particular

conditions*, though we do employ trade and foreign direct investment as external instruments as well.

The nature of the disease, and its pathogenesis, are also crucial. Our results rely on TB data and may not
extend to other infectious diseases such as HIV or malaria. Mass vaccinations may prevent some contagious
diseases from spreading even under random mixing. However, to the extent the poor are less likely to

receive the vaccinations, our message would still be active.

To close, our ecological analysis, with all its caveats, hints that TB, like other infectious diseases, may be
causally linked to income inequality. If our mixing hypothesis is confirmed by future work using income-
social-contact data, it will assert that income redistribution could be an essential policy lever to improve

population health.*
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Appendix Tables

Variable Description Mean Std. Dev. Min Max
TB Estimated tuberculosis incidence rate 193.220 739,630 5 000 1660.000
(per 100,000 people)
p TB Estimated number of cases of TB at a
rev:
v given point in time (per 100,000  241.010 245.300 6.400 1686.000
prevalence
people)
Gini Gini index 43.920 10.630  23.500 72.360
GDP per o
it Real GDP per capita (in 2010 USD) 5528.461 10207.990 182.709 101380.800
capita
School Average years of schooling in- the 6.632 3.184  0.623 13.267
population aged over 25
Health Public health expenditure (% of GDP) 3.081 1.643  0.552 9.087
expenditure
Poverty headcount ratio at $1.90 a day
Poverty in 2011, PPP 23.592 24.293 0.000 85.722
— 5
Urban People living in urban arcas (% of g 515 9048 7011 94.843
total)
HIV Per?entage of People ages 15-49 who ) 578 5 995 0.100 98 400
prevalence are infected with HIV
BCG BCG coverage (%) 90.020 12.600  21.000 99.000
Populati d ab % of
Population 65 PUiation ages 65 and above (% o 6.990 4740  1.871 24.626
total population)
B ~ 0
Male 1540  Male population ages 1540 (% of ;) 3.160  14.564 25.178
total population)
Prevalence of anemia among non-
Anemia pregnant women (% of women ages 26.390 14.660 7.100 66.500
15-49)
: 0,
Undernourish | revalence of undernourishment (% o ¢, 10.320  2.500 53.700
of the population)
Diabetes The pr.oportlon of adults O\Tel‘ 18 who 0.069 0.019 0.022 0.174
Prevalence have diabetes (age standardized).

Table Al: Description of variables & Summary statistics
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URL

Variable Source
https://unstats.un.org/unsd/mdg/Metadata.aspx
TB WHO TB
database
https://unstats.un.org/unsd/mdg/Metadata.aspx
TB prevalence WHO TB
database

https://www.wider.unu.edu/project/world-income-inequality-

Gini UNU-Wider”  database-wiid
GDP per capita World Bank https://data.worldbank.org/
https:/ /www .rug.nl/ggdc/productivity/ pwt/pwt-
School Penn World releases/pwt9.0?lang=en
Table 9.0%
Health expenditure  World Bank https://data.worldbank.org/
http:/ /iresearch.worldbank.org/PovcalNet/povOnDemand.aspx
Poverty
World Bank
Urban World Bank https://data.worldbank.org/
https://data.worldbank.org/
HIV prevalence
World Bank
BCG BCG Atlas http://www .bcgatlas.org/
Population 65 World Bank https://data.worldbank.org/
Male 15-40 World Bank https://data.worldbank.org/
Anemia WHO https://www.who.int/data/gh
Undernourish World Bank https:// data.worldbank.org/
Diabetes Prevalence NCD_RisC https:/ /ncdrisc.org/ data-downloads-diabetes. html

Table A2: Data sources and URL links
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(1) 2) 3) )

In(TB In(TB In(TB In(TB
VARIABLES incidence) incidence) incidence) incidence)
L.In(prevalence) 0.756%%* 0.667%** 0.861%%#* 0.819%#*
(0.066) (0.097) (0.065) (0.069)
In(Gini) 0.602%%:* 0.658%* 0.361%* 0.473%*
(0.191) (0.278) (0.144) (0.189)
In(GDP per capita) -0.304%#:% -0.116 -0.24 1%k -0.092
(0.113) (0.101) (0.079) (0.064)
In(school) 0.027 0.001 0.020 0.020
(0.170) (0.204) (0.137) (0.142)
In(health expenditure) -0.045 -0.142 0.069 -0.052
(0.092) (0.132) (0.074) (0.096)
HIV prevalence 0.058%:% 0.058%:3% 0.051 %% 0.047%%%
(0.009) (0.014) (0.008) (0.011)
poverty -0.006%* -0.007 -0.005%* -0.006%3%*
(0.004) (0.005) (0.003) (0.003)
urban 0.004 -0.008 0.005 -0.003
(0.005) (0.007) (0.004) (0.004)
Population 65 0.019 -0.005 0.012 -0.006
(0.016) (0.024) (0.013) (0.014)
BCG 0.007%* 0.010%* 0.005 0.006%*
(0.003) (0.004) (0.003) (0.003)
Male 15-40 -0.032 -0.042
(0.040) (0.026)
Observations 1,521 1,521 1,371 1,371
Number of N 95 95 92 92
Year FE No No No No
Instruments 58 62 60 64
AR(2) 0.507 0.370 0.763 0.423
Hansen 0.242 0.946 0.418 0.542

Robust standard errors in parentheses
sk p<0.01, % p<0.05, * p<0.1

Column (1)-(2) uses only lagged instruments, while Column (3)-(4) uses FDI and trade as external instruments.

Table A3: TB, Arellano-Bover/ Blundell-Bond estimation
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&) ) 3) *) ®) (6)

VARIABLES In(anemia) In(anemia) In(anemia) In(anemia) In(anemia) In(anemia)
L.In(anemia) 1.106%*% 1.068%** 1.065%#* 1.060%3#:*
(0.043) (0.029) (0.040) (0.035)
In(Gini) -2.474 -0.887 -0.069%* -0.076%%** -0.068%** -0.075%**
(2.873) (0.799) (0.032) (0.020) (0.025) (0.020)
In(GDP per capita) 0.015 -0.039 0.030%* 0.024%x* 0.009 0.009
(0.191) (0.084) (0.016) (0.011) (0.016) (0.013)
poverty 0.002 0.002 0.000 -0.000 0.0071%x* 0.000
(0.003) (0.001) (0.000) (0.000) (0.001) (0.001)
In(school) -0.224 -0.059 0.028 -0.009 0.035 0.007
(0.291) (0.149) (0.026) (0.018) (0.026) (0.014)
In(health expenditure) -0.022 -0.024 0.023 0.002 0.020 0.004
(0.049) (0.026) (0.016) (0.017) (0.017) (0.015)
urban 0.009 0.005 -0.001 -0.000 0.000 0.000
(0.013) (0.006) (0.001) (0.001) (0.001) (0.001)
In(undernourish) 0.127 0.061 0.014 0.003 -0.006 -0.003
(0.116) (0.041) (0.012) (0.010) (0.011) (0.011)
HIV prevalence 0.001 0.003 0.002
(0.013) (0.003) (0.002)
Observations 1,306 1,077 1,443 1,203 1,306 1,077
Number of N 111 92 116 97 111 92
Year FE No No No No
Instruments 45 45 47 47
AR(2) 0.181 0.147 0.470 0.368
Hansen 0.158 0.0214 0.248 0.0366

Robust standard errors in parentheses

*kk p<0.01, ** p<0.05, * p<0.1

Column (1)-(2) uses panel fixed effect estimation, Column (3)-(4) uses system GMM with only lagged instruments, and
Column (5)-(6) uses system GMM with additional external instruments.

Table A4: Anemia
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(1) ) 3)

In(diabetes In(diabetes
VARIABLES In(diabetes case) prevalence) prevalence)
L. In(diabetes
prevalence) 1.018%** 1.018%**
(0.006) (0.007)
In(Gini) -0.977 0.023%#% 0.02 1%
(3.858) (0.005) (0.004)
In(GDP per capita) 0.94 8+ 0.002 0.004
(0.316) (0.003) (0.004)
poverty 0.007 -0.000 -0.000
(0.007) (0.000) (0.000)
In(school) 0.241 0.002 0.002
(0.360) (0.004) (0.004)
HIV prevalence -0.008 -0.000 -0.000
(0.023) (0.000) (0.000)
In(health expenditure) -0.184%* -0.005%* -0.002
(0.090) (0.003) (0.003)
urban -0.048 -0.001 % -0.001 %%
(0.029) (0.000) (0.000)
Population 65 -0.009 -0.000 -0.001
(0.059) (0.000) (0.000)
Observations 1,491 1,769 1,574
Number of N 99 104 100
Year FE No No
Instruments 54 56
AR(2) 0.0712 0.0233
Hansen 0.00483 0.00749

Robust standard errors in parentheses
*kk p<0.01, ** p<0.05, * p<0.1

Column (1) uses panel fixed effect estimation the dependent variable is the first difference of

diabetes prevalence, Column (2) uses system GMM with only lagged instruments, and

Column (3) uses system GMM with additional external instruments. The dependent variable
of the system GMM estimation is age standardized diabetes prevalence.

Table A5: Diabetes
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