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Abstract
Some scholars have recently suggested that contextual income mobility — defined as individuals’
ability to exceed their parents’ income within the place of residence — may play an essential role
in explaining health disparities in the U.S. Previous research provides some evidence for the link
between the rigidity of the stratification system and health. This paper proposes an agent-based
model to formalize, explore, and describe the dynamic between a place’s income mobility and
health. By combining empirical information and using an exploratory model, we first assess the
population-level consequences of changes in income mobility effects and regime for health (life
expectancy). We then examine under which residential mobility conditions, and data collection
and modeling strategies we can retrieve the effect of income mobility on mortality.

1

Introduction

Two trends have characterized US socioeconomic and health trends in recent decades. On the
one hand, while income inequality has increased since the 1970s (Gould, 2019), upward income
mobility has declined since the 1940s (Chetty et al., 2017). On the other, life expectancy disparities across socioeconomic groups have widened. Chetty et al. (2016), for instance, shows life
expectancy between 2001 and 2014 has increased 2.34 years for men and 2.91 years for women
in the top 5% of the income distribution, while only 0.32 years for men and 0.04 years for women
in the bottom 5% of the distribution. This increase in mortality differences between better-off and
disadvantage people represents a fundamental challenge for health policy.
While current inequality and upward mobility have clear economic consequences, how these
new socioeconomic conditions may affect health and mortality is less evident. At first glance, arguing that changes in income inequality and mobility may foster health behaviors and outcomes disparities across social groups does not seem eccentric. In fact, the hypothesis about the link between
socioeconomic mobility and health has gained ground, not only because previous research shows
neither access to medical care nor socioeconomic factors fully explain the observed geographic or
income disparities in longevity, but because socioeconomic mobility rates, as life expectancy does,
vary considerably by geography (Chetty et al., 2014). Some scholars have suggested that place’s
income mobility — defined as individuals’ ability to exceed their parents’ income at the place of
residence – may play an essential role in explaining health disparities in the U.S. (Daza & Palloni,
2018; Venkataramani et al., 2016; Venkataramani et al., 2015; Venkataramani, Daza, et al., 2020;
Venkataramani, O’Brien, et al., 2020). Low-income mobility, for instance, may harm health by
raising despair and diminishing the motivation to engage in healthy behaviors (Case & Deaton,
2020; Schilbach et al., 2016). These consequences would be different from the ones associated
with income inequality, as individuals living in areas with similar degrees of income inequality
may experience different income mobility regimes and impacts on health outcomes.
Previous research provides some evidence of the connection between place’s income mobility
and health. Most of this research, however, uses either aggregate data (Daza & Palloni, 2018;
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Venkataramani et al., 2015; Venkataramani, Daza, et al., 2020) or individual cross-sectional surveys (Venkataramani et al., 2016). Recently, using two longitudinal datasets, the Panel Study of
Income Dynamics (PSID) and National Longitudinal Surveys of Youth (NLSY 1997), Daza and
Palloni (2021) found only partial empirical evidence supporting the connection between exposure
to county’s income mobility during childhood and adolescent and smoking in early adulthood.
The link between place’s income mobility and health is not simple. The processes connecting health, income mobility and inequality involve individual, contextual, spatial, reciprocal and
cumulative effects as well as feedback loops. Unfortunately, little effort has been spent in formalizing the connection between the flexibility of the economic system, individual behavior, health
and mortality. We argue that formalizing the connection between income mobility and health is
worthwhile because it allows us to assess the population consequences of individual estimates retrieved from empirical studies. It also enables us to identify problems associated with aggregate
or cross-sectional data when estimating the effect of place’s income mobility on health. Finally,
it is an exercise that will provide guidelines to identify the type of data needed to test conjectures
proposed in the literature.
To do so, we move away from statistical models and propose an initial formal model for the
association between exposure to a given stratification system and health. We develop an agentbased model (ABM), Mortality and Income Mobility Agent-Based Model (MIA), that generates
intergenerational data to study the connection between income mobility, inequality, residential
segregation, smoking, and mortality, the population-consequences of empirical estimates, and to
identify under which conditions we can retrieve estimates of the effect of income mobility on
health.1 The paper is organized as follows. First, we briefly review theoretical mechanisms linking
place’s income mobility, adult health, and mortality. Second, we outline key research questions and
justify the use of agent-based modeling to explore them. Third, we describe the implementation
of each of the components of our model and the experimental design of our analysis. Finally, we
1 We focused on smoking behavior because previous empirical research using longitudinal data showed that the
most systematic effect of exposure to income mobility regimes on individuals’ health behaviors is via smoking (Daza &
Palloni, 2021). In addition, smoking has well-known consequences for mortality risks that can be easily incorporated
to our model.
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summarize results and discuss their implications.

2

Potential mechanisms

We briefly discuss some of the potential causal mechanisms that might generate an association between place’s income mobility and health. We particularly focus on the relation between place’s income mobility and health/mortality, that is, the linkage between a contextual characteristic (place’s
income mobility) and an individual trait such as health and mortality. When discussing income mobility, we follow Chetty’s interpretation suggesting that economic opportunity is a characteristic of
place (Chetty et al., 2017). We add to that interpretation by proposing that prospects of income
mobility would independently affect health and mortality.
Thus, we do not focus on the connection between individuals’ lifetime income mobility experiences and their adult mortality (intra-generational or individual mobility) – a problem studied in
a large and distinguished body of research (Blane et al., 1999; Chandola et al., 2003; Fox et al.,
1982; Illsley, 1955) – or inter-generational changes of income. Instead, we concentrate on the link
between an aggregate property of the stratification system, on the one hand, and individual experiences, on the other. It is reasonable to expect that individuals’ experiences of occupation or SES
mobility would also be influenced by the prevailing aggregate regime of income mobility. These
experiences may be just one of many other pathways through which aggregate income mobility
and individual mortality are related.2
An association between places’ income mobility and mortality could exist if communities with
higher income mobility reduce mortality risks relative to communities with lower income mobility,
independently of the income level and income inequality. Individuals and groups who occupy the
most vulnerable and exposed social positions within unequal communities may be comparatively
better off when they face advantageous future income mobility prospects than when they do not.
2 At the

individual level, the main effect of income mobility on health would operate through socioeconomic status
and educational attainment. Moreover, it is also believed that mobility itself could affect health through the lack of or
excessive stress when there is downward or upward mobility.
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Just as individuals who command lower incomes in communities with more equitable income
distributions may experience better health than individuals with similar incomes in societies with
higher income inequality, so too could individuals and groups who occupy lower ranked positions
in societies with higher income mobility enjoy better health than counterparts in societies with
more rigid stratification systems.
Why this might be the case? There are number of mechanisms that could produce this result.
First, communities with low-income mobility may distort opportunities and incentives, reinforce
unequal allocation of favorable traits and resources, undervalue public institutions that contribute
to the formation of skills with a high wage premium and, many of them, support non-meritocratic
reward allocation strategies. These community properties directly influence the suite of opportunities available to individuals and shape the way parents socialize children and favor (discourage)
the adoption of positive outlooks and the value of skill acquisition. Rigid or weak income mobility
might foster individual hopelessness, despair, mistrust, disbelief in a level playing field for all,
weaken aspirations and, more generally, diminish the value of adoption of attitudes and behaviors
that promote good health (Schilbach et al., 2016). This is also in line with the hypothesis of deaths
of despair proposed by Case and Deaton (2020). These authors reported the fastest-rising death
rates of causes such as suicides, drug overdoses, and alcoholic liver disease in the U.S., especially
among those without a bachelor’s degree. These self-inflicted deaths are prevalent among those
experiencing economic, social, psychological adversity, and lack of well-being.
We can extend these mechanisms to the consequences of early conditions on health. A large
body of literature on health and mortality disparities demonstrates that SES (income, education)
health and mortality gradients are pervasive, persistent and, as of recent, increasing everywhere in
high-income countries (Mackenbach, 2012; Meara et al., 2008). In addition, early conditions and
upbringing of individuals matter greatly for adult health and mortality disparities (Case et al., 2002;
Palloni et al., 2009). Thus, some of the health differentials between men in low and high ranking
positions initially attributable to chronic stress among those in subordinate positions (Marmot,
2004; Sapolsky, 2005) may be rooted in antecedent health conditions sculpted early in life (Case &
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Paxson, 2011). If early conditions are influential for SES health and mortality disparities, they may
also be influential as vehicles that establish relations between income inequality, income mobility,
and adult health and mortality.
During early stages of socialization individuals experience sensitive and critical windows for
the acquisition of cognitive and non-cognitive abilities that are the foundation of skills acquired
later in life (Cunha & Heckman, 2009; Heckman, 2007; Knudsen et al., 2006; Shonkoff et al.,
2009). Some of these traits involve the development of outlooks and attitudes that influence investments in skill acquisition and health, including propensities to adhere to health-related behaviors.
Thus, behaviors critically associated with modern chronic illnesses, such as smoking uptake and
desistance, alcohol consumption, substance abuse, choices of diet and physical activity, are in
part determined by capabilities sculpted early in life. Early avoidance of unhealthy behaviors has
large payoffs in adulthood because these behaviors are closely related and reinforce each other,
the physiological and psychological damage they produce are accumulated over time, and they all
are strongly non-reversible. Early adoption of healthy behaviors is facilitated by socialization that
emphasizes robust future outlooks, self-confidence, and self-reliance, beliefs in the neutrality and
fairness of social reward allocation systems, hopefulness and optimism, and incentives to succeed.
These are all traits that reduce time discounting so that the addition of one year of healthy life
in the future of an individual is endowed with significant rewards and returns (Grossman, 1972,
2000).
We know from empirical research that negative affect, chronic stress, subordination, and bleak
future outlooks associated with poverty lead to increases in time discounting (Haushofer & Fehr,
2014; Schilbach et al., 2016). Higher time preferences favor resistance to the adoption of behaviors
that may yield immediate rewards but are health-damaging and discourage those that have a more
distant and elusive pay-off but are health-preserving (Eigsti et al., 2006; Schlam et al., 2013). This
mechanism shapes environments during critical stages of individuals’ upbringing. The conjecture
is that a places’ income mobility regime is powerful enough to shape those environments. But so
is the individual’s ancestral income mobility experience, particularly parental and possibly grand
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parental mobility.3
Finally, an association between aggregate income mobility and individual health and mortality
may be the outcome of a composition effect, namely, places with higher income mobility contain a
population composition biased toward individuals who are both more likely to experience mobility
and to embrace health protective behaviors. In this case, the association between the aggregate
property of the stratification system and individual experiences of health and mortality would reflect the influence of individual residential mobility patterns (and associated selection processes).
This mechanism could be also linked to the neo-material theory by Lynch et al. (2004), which
suggests that the aggregate relation between income inequality and health is not necessary, but
contingent. In other words, communities with high income mobility would host a set of (unobserved) social and economic traits that might eventually promote good health and reduce mortality
risks. It would not be income mobility itself what would generate a reduction in mortality, but a
set of associated community characteristics related to good health and reduced mortality risks.

3

Modeling strategy

Health mechanisms, like those described above, are difficult to identify using conventional statistical models as they tend to produce the same observed results from data generated by different
processes.4 Simulation and generative models have the potential to help us learn from complex
systems by offering simplified representations of the mechanisms that generate and preserve health
inequalities (Railsback & Grimm, 2011; Smaldino, 2017; Speybroeck et al., 2013; Wolfson et al.,
2017). In this paper, we step away from statistical models and propose a computer simulation that
implements some of the mechanisms discussed above to assess the influences of socioeconomic
3 One can argue that more important than the contextual income mobility of children is the mobility experienced by
parents, or grand parents, as those experiences might strongly shape socialization and, in particular, time preferences
of the next generations.
4 This issue is commonly referred to as the inverse problem (McElreath, 2020). A linear regression model, for
instance, is just an attempt to learn about the mean and variance of some measurement, using an additive combination
of other measurements. Different mechanisms can generate similar mean and variance summaries. In contrast to
statistical models, generative models explicitly define causal connections and mechanisms when simulating a system
or behavior. This process forces us to express our ideas and theories in a formal and unequivocal way.
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mobility regimes on health. Specifically, we create a low-dimensional realism model where microlevel behaviors are assumed or known, and simulation is used to explore how the system behaves
(Edmonds et al., 2019).5 The scope of the model is mainly theoretical and exploratory.
The model represents three critical processes that may generate empirical data. First, it takes
into account space by allowing individual agents to reside in a place, county or neighborhood, so
that we can explore the hypothesis that place’s income mobility (not intra or inter-generational mobility) might impact health and mortality. Agents can interact directly through the relationship with
their parents and children but also indirectly by sharing the characteristics of their place (county)
of residence. Second, individual preferences on residence’s place are endogenously defined thus
inducing selection of agents to exposure to places’ characteristics (i.e., segregation). This endogenous definition of place’s preferences could impact both the contextual characteristics agents are
exposed to and the economic rigidity or flexibility of the place’s stratification system. Finally, and
unlike what we usually do with empirical data, the simulation model tracks with precision each
agents’ trajectory and their exposure to income mobility contexts. This facilitates exploration of
the influences that different data collection strategies may pose to retrieve the effects of interest
using statistical models (Daza & Kreuger, 2019).
Because the agent-based model can explore and examine an artificial system closely mimicking real ones, it possesses a key advantage that endows with greater power than conventional
hypotheses testing strategies: it can handle features like individuals’ interaction, space and time
dimensions, and feedback loops in a relatively simple and flexible manner. Because of this, the
agent-based model offers the opportunity to rigorously test hypotheses, identify limitations of previous studies, and guide the design of future research. Its limitation is that the model cannot by
itself resolve issues of estimation and identification when using empirical data. This is not a task
that the model can handle.
The agent-based model we implement here formalizes a set of ideas about the implications
of income mobility for health. In particular, we explore two research problems and in each case
5 This

strategy is referred to as exploratory modeling (Wilensky & Rand, 2015).
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we suggest solutions and formulate new conjectures about the link between income mobility and
health. First, we wish to assess the population-level consequences of empirical estimates of the
individual link between exposure to income mobility and smoking. For this, we translate empirically estimates of the relative effect of income mobility on smoking, into absolute differences in
life expectancy at the population level. We choose smoking behavior because previous empirical
research using longitudinal data shows that the most systematic effect of exposure to income mobility regimes on individuals’ health behaviors is via smoking (Daza & Palloni, 2021). In addition,
smoking has well-known consequences for mortality risks that can be easily incorporated to our
model. We are cognizant that by considering only one health-related behavior we are likely grossly
underplaying the influence of income mobility. Thus, our model and micro-simulation will only
provide an approximation to the total aggregate consequences of income mobility for longevity.
Second, we aim to examine under which conditions can one retrieve key parameters controlling
the link between place’s income mobility and mortality when using individual and aggregate data
with different measures and modeling strategies. For instance, we can identify the conditions
under which empirical results can be flawed due to ecological fallacy, so that commonly reported
associations in previous empirical studies might not be due to individual effects of income mobility
on health, but to processes such as residential segregation, income composition of neighborhoods,
or heterogeneity in agents’ income mobility. This will enable us to assess the validity of previous
research and to point to future data collection, measurement, and inferential strategies.

4

MIA: Mortality and Income Mobility Agent-based Model

We created the Mortality and Income Mobility Agent-based Model (MIA) to simulate a simplified
data-generating process of the interaction between income mobility and mortality, based on some
of the mechanisms proposed in the literature. MIA consists of four essential modules: demography
dynamics (mortality and fertility), residential mobility, income generation and mobility, and smoking behavior. Below, we describe the implementation of each of those components, in addition to
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the general model setup and data collection. We verified and tested each of MIA’s modules. The
results of those verification procedures are discussed in the Methodological Supplement.

4.1

Demographic processes

Age-specific mortality rates and birth rates in the US define the population dynamics of the model
(see Table S4 in the Methodological Supplement). Age-specific mortality rates are defined every
agent’s birth date based on the following formula:

a mxi

=a mxb ∗ exp(βmk incomeTypei + βmie incomeExposurei + βmsmk smokingStatusi )

(1)

Where a mxb represents the baseline age-specific mortality rates, βmk is the natural logarithm
of the hazard ratio of income group k (versus the reference category), βmie , the coefficient of
the county’s standardized income exposure, and βmsmk , the coefficient for smokers (versus nonsmokers). The coefficient βmk reproduces life expectancy gaps reported in previous research
(Chetty et al., 2016), βmie is set to -0.1 to represent the potential effect of the environment an
agent was exposed, and βmsmk is from empirical models using the US National Health Interview
Survey (NHIS) (Jha et al., 2013). As expected, when βmk , βmie , and βmsmk are equal to zero, agents’
life expectancy across different generations is about 78.4 years (see the Methodological Supplement for more details), very close to the life expectancy of 78.6 reported by Kochanek et al. (2019)
for the US in 2017 using the same mortality rates. It is important to note our baseline model does
not include a direct link between county’s income mobility exposure and mortality risk. However,
to simplify statistical modeling when assessing the conditions under which we can retrieve income
mobility effect on mortality, we added a fictitious effect of income mobility exposure on mortality
βm f . Unless otherwise noted, that coefficient is always set to 0.0.
Our model does not include any information about gender, so to obtain a stable population
overtime (i.e., 30 generations), we divided birth rates by an adjustment factor to make the population close to stationary (zero growth rate). This “fertility” adjustment factor was derived through

9

calibration. We also applied an income group adjustment to ensure that the size of income groups
remained relatively stable and even over time (e.g., the lowest income group has a higher mortality
rate, but also a higher fertility rate relative to the highest income group). As expected, the average
number of off-springs is about 1.00 (where about 37% of agents are childless), and the population
size is relatively uniform over time. Table 1 describes all model parameters with their initialization
values.

4.2

Residential mobility

Agents live in counties (or neighborhoods). Although the first generation of agents in our simulation (G0 ) is allocated randomly in a space grid, they can move to a different county when they
are 18 years old or more. To assess the consequences of reinforcing selection processes on health,
we generate income segregation by adapting Schelling’s segregation model (Schelling, 2006). As
this model shows, a simple rule of satisfaction can generate residential segregation even when
agents are tolerant to living in a neighborhood with people of different color (Wilensky & Rand,
2015). Although Schelling’s model is dynamic (agents move to different neighborhoods until equilibrium is reached), population is constant (nobody is born or dies), only two groups (colors) are
used, and every agent stops moving when satisfied. Instead, in our version of the model agents
decide at the rate mobr whether to move or stay in their county. With probability mobrand , agents
move to a random county that has not reached its population limit.6 With probability 1 − mobrand ,
agents assess whether to move or not based a similarity tolerance threshold mobthr (e.g., 10%).
When the proportion of people in an agent’s income group is lower than the tolerance threshold,
agents move to a random county from a pool of counties that has not reached its population limit.
Otherwise, they stay in their current county. Young agents (less than eighteen years old) are not
allowed to make moving decisions and they just follow their parents’ county of residence. Figure
S2 in the Methodological Supplement displays a agent’s decision chart for residential mobility. As
6 For

instance, more than 10% the expected county population Nc , where Nc is the population at time t divided by
the number of counties.
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shown in the Methodological Supplement, this mechanism generates income segregation as values
of neighbourhood sorting index (NSI) behave as expected (Figure S3).7 According to Jargowsky
and Wheeler (2017), the NSI for the US in 2010 was about 0.396. We adjusted the residential
mobility parameters to reproduce those levels of income segregation in MIA.

4.3

Income generation and mobility

Agents are given an income category or group k (e.g., quintile) at age 18. After the first generation
(G0 ), income categories are assigned based on two factors. The first one consists of the intergenerational transmission of resources from parents to child. This process is defined by the probability
of inheriting agent’s parent income group via a transition matrix Ib . We can use probabilities estimated from empirical data. Equation 2, for instance, shows the income quintile transition matrix
Ib estimated by Chetty et al. (2014) for the US. These probabilities could be employed to assign
agents to income groups over generations, so that the income mobility regime in our model is exogenous. Once the income group is assigned, the final income (currency) is sampled from the US
Census and American Community Survey microdata (IPUMS) by quintile (Ruggles et al., 2020).8
Income is defined at age 18 and remains constant throughout the agent’s life (i.e., permanent income).
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(2)

NSI compares the income variation across all neighborhoods (or counties) in a metro area with the income
variation across all households in that metro area. If agents are segregated by income across counties, the income
variation across counties will be similar to the income variation across agents, and the NSI will be approximately 1. If
all counties are perfectly economically integrated (i.e., each county is a microcosm of the entire population), the NSI
will be close to 0.
8 We used a sample of 250,000 income values to assign income by quintile. The Gini coefficient of the income
distribution sampled from the IPUMS data is 0.48.
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It is also possible to change the values of matrix Ib to explore different scenarios. For example,
we can examine what would happen if there is no income mobility at all (i.e., the mobility matrix Ib
has ones in the diagonal and zeros elsewhere), if the chance of inheriting the agent’s parent income
group is 60%, or whether there is total (neutral) income mobility (i.e., all probabilities in Ib are set
to 0.20).
The second component of the income definition is contingent on where agents lived before age
18. Specifically, the probability of being in a given income category is affected by the average
exposure to the residence county’s income composition by age 18. Thus, the average exposure
would depend on the residential mobility regime in action (i.e., how parents move across counties),
and the income composition of counties where parents moved.9 For this, we define two vectors:
Ck and Wk . The first one, Ck , is the average income group composition of counties in which agents
have lived during their first 18 years of life. Wk , in turn, is a weighting factor for combining
the transition matrix Ib and Ck . Wk allows us to control the relative importance of the county
composition in the agent’s income generation.
For illustrative purposes, we assigned values to the vectors Ck and Wk in Equation 2. The first
value of Ck is 0.45, while the last value is 0.05. This means that an agent i has spent her first 18
years of life in counties where, on average, 45% of the active population (18 years or more) is part
of the first quintile of the US income distribution, while only 5% correspond to the richest quintile.
These values might reflect both changes in the county of residence and county’s composition. The
transition matrix Ib can be updated using Ck and Wk , and computing a weighted average between
Ib probability and the average exposure to counties’ income composition as shown in Equation 3.
Thus, the probability i11 in Iu would be i11 (1−w1 )+c1 w1 = 0.337×(1−0.4)+0.45×0.4 = 0.382.
In other words, the probability i11 = 0.337 in the matrix Ib would increase from 0.337 to 0.382
as agent i has been exposed to counties with a higher proportion of people in the first income
quintile, and the contribution of the county’s income composition was set to w = 0.4. Similarly,
the probability i55 in Iu would decrease from 0.365 to i55 (1 − w5 ) + c5 w5 = 0.365 × (1 − 0.4) +
9 Agents under eighteen are not allowed to make moving decisions, and they follow their parents’ county of
residence.
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0.05 × 0.4 = 0.239 as only 5% of people where agent i has lived are in the highest quintile. The
vector Wk allows us to adjust the relative importance of the two income generation components.
Thus, when wk = 0, Iu would be equal to Ib , while when wk = 1, Ib would be equal to Ck for
each income group. We verified these income generation components and explored the income
distribution and transition probabilities generated when using different values for Ib , Ck , and Wk
(see the Methodological Supplement for more details).


i (1 − w1 ) + c1 w1
 11
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(3)

In sum, our model simplifies the income generation process to two factors: (1) parent’s income, and (2) average exposure to counties’ resources during early life. County’s resources are
represented by their income composition. They depict a set of opportunities to which agents are
exposed during early life. Conceptually, these resources would affect education attainment and the
development of skills that are valued in labor markets. However, all these factors are represented
through the average exposure to counties’ income composition (Ck ). In the same vein, family
transmission of skills, cultural capital, behaviors, and access to education and labor market opportunities are represented solely through the association between parent’s and child’s income (Ib ).
Importantly, both family transmission and early exposure can, in theory, offset each other. Coming
from a poor family can be compensated, at least in part, by living in affluent counties during early
childhood, and vice versa. However, this compensation process is unlikely to occur in contexts in
which income segregation is common.
Our segregation rules do not modify individual income mobility if agents do not change their
income based on characteristics of the place where they live. By combining family (Ib ) and county
resources (Ck ), we can establish a feedback loop between income and county of residence in such
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a way that income is assumed to depend on the neighborhood while the neighborhood during
adulthood is assumed to depend on individual income.

4.4

Smoking

Inspired by the Grossman Model (Grossman, 1972) and the mechanisms discussed in previous
sections, we decided to use smoking as the key behavior determining mortality risk. According to
Grossman (1972) and previous research, individuals with higher discount rates would invest less in
their health. Thus, time discounting would be related to health behaviors such as physical activity,
substance use, and smoking, representing an important mediating factor linking environmental,
social, life-course factors, and health (Barlow et al., 2016; Story et al., 2014). It is important to
note that smoking is just one of many possible health behaviors affected by income mobility. It
is chosen because we already have estimates of effects of exposure to income mobility, and also,
because it is relatively easy to obtain effects of smoking on chronic conditions or mortality. The
latter is even easier to retrieve for other behaviors such as drug addiction, accidents, suicides, but
in that, case we have no estimates of effects of income mobility.
We implemented the smoking behavior using a logistic model so that agents would decide
whether to smoke or not at age 30. In MIA, smoking is a key behavioral mediator through which
income mobility operates as we do not include any direct effect of income mobility on mortality
risk. To implement this, we resort to information from previous empirical research on the link
between early exposure to county’s income mobility and smoking during early adulthood (Daza &
Palloni, 2021). Smoking is defined at age 30 using:
αs +βsk incomeTypei +βsimob incomeMobExpi +βsie countyIncomeExpi +βs psmk parentSmokeri

Pr(Yi ) =

e

αs +βsk incomeTypei +βsimob incomeMobExpi +βsie countyIncomei +βs psmk parentSmokeri

(4)

1+e

Pr(Yi ), the probability of being an active smoker by age 30 is a function of the agent’s income
group (k), income mobility exposure by age 18, standardized county’s income exposure by age
30, and whether agent’s parent smoked. βsk coefficients were estimated using a subset of the

14

National Health Interview Survey 2019 (NHIS) using a logistic regression of income quintiles
on smoking status.10 The income mobility exposure coefficient βsimob is obtained from the effect
of early income mobility exposure on smoking reported by Daza and Palloni (2021) using the
National Longitudinal Survey of Youth 97 (NLSY97).11 Agent’s parent smoking effect β pmsk is
derived from a meta-analysis carried out by Leonardi-Bee et al. (2011): these researchers used
58 studies and estimated the relative odds of smoking for children and adolescents whose parents
smoke to be 1.72 (95% CI 1.59 to 1.86), or logit coefficient 0.54. Finally, we set the standardized
county’s income exposure coefficient βsie to −0.2 to represent the impact of county’s characteristics
on the smoking probability.
The final smoking status of an agent is generated using the probability (psi ) estimated from
Equation 4. Agents become smokers if values from a uniform distribution – uniform(0, 1) –
are less than psi . We assume no smoking before age 30 and no smoking cessation. Although
those assumptions are unrealistic, they allow us to directly incorporate information from empirical
results into our model. Empirical verification of the adequacy of these assumptions via estimation
of smoking prevalence is discussed in the Methodological Supplement.

4.5

Model setup and measurement

At the outset of the simulation, each agent is assigned a set of states and transitions updated over
time and to which will be exposed throughout a lifetime. Figure 1 displays agent’s states and
transitions. Most of the events in MIA are stochastic. Duration times (rates) are drawn from
exponential distributions, whereas selection of categories (e.g., income or definition of smoking
status) are randomly defined using uniform distributions. Model time is continuous, meaning there
10 We

defined current smoking status as people who reported smoking at least 100 cigarettes during their lifetime
and who reported smoking every day or some days at the time of the survey. We ran our model using respondents
between ages 30 and 50. The specific models and code to reproduce this analysis are available in https://github.com/
sdaza/dissertation/tree/master/ch04. Additional information on the NHIS 2009 is available in https://www.cdc.gov/
nchs/nhis/index.htm.
11 Daza and Palloni (2021)’s coefficient comes from a logistic model, so that it can be directly added to MIA.
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is no fundamental clock tick.12 The initial setup includes 30 counties and 100 agents per county.
This generates a total population of around 8,000 alive agents. When collecting individual data
from our model, we select only three generations (e.g., 20, 25, 30) to avoid excessively large
datasets. These generations are created after 800 simulation years.
We track the income generation mechanisms through aggregate measures of income mobility
and mortality (i.e., life expectancy). First, we use a relative mobility measure to compare the
ranking of adults against their peers to the ranking of their parents against their peers: the rankrank slope suggested by Chetty et al. (2014). These authors propose the following OLS model to
estimate relative and absolute income mobility, under the assumption of linearity between parent
and children’s income ranks:

Ric = αc + β cPic + εic

(5)

Ric represents the national income rank among children in a given cohort or generation of
child i who grew up in county c. Pic , instead, is the parent’s rank in the income distribution of
the parents of the corresponding generation of children. βc represents the relationship between
national parent and kid income ranks. This is not necessarily equivalent to the correlation between
ranks, Corr(Pic , Ric ), as ranks within a small area would not necessarily be uniformly distributed
when using national income ranks as Chetty et al. (2014) do. The interpretation of the relative
income mobility measure suggested by Chetty et al. (2014) for small areas (i.e., counties) is that
it represents the difference between the expected ranks of children born to parents at the top and
bottom of the income national distribution: r̄100,c − r̄0,c = βc . Unlike the correlation, the size of the
coefficient βc will depend on the standard deviation of the parent and child rankings at the national
level:

p
∑(Ric − R̄c )2
β̂c = r p
∑(Pic − P̄c )2

(6)

12 We implement MIA using AnyLogic Personal Learning Edition 8.6.0. Rather than specifying the smallest time
increment (a tick), AnyLogic uses an event-driven scheduler. For example, an event scheduled for ten model-seconds
in the future will always occur before one scheduled for 11 model-seconds, and after one scheduled for nine modelseconds. All relevant model parameters are updated at the time of each event. All files and code to reproduce our
analysis are available at https://github.com/sdaza/dissertation/tree/master/ch04.
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βc will be higher than the correlation when the standard deviation of the parent’s rank Pic is
lower than the standard deviation of the kid’s rank Ric . In a context of income segregation, the
parent’s rank might tend to be homogeneous (lower standard deviation), while the kid’s rank might
vary more than Pic due the income generation probabilities used in our model (e.g., transition
matrix Ib ). As a robustness check, Chetty et al. (2014) estimated relative mobility based on parent
and child ranks using the local income distribution instead of national ranks, and showed their
different estimates were highly correlated. Our verification analyses (not shown) suggest, instead,
that the difference between the rank-rank slope and the rank-rank correlation can be substantial in
scenarios of income segregation. The implications of these measurement differences for assessing
the relation between income mobility and health, however, are not explored here, but left for future
research.
Figure 2 displays some descriptive statistics of rank-rank slopes estimated by Chetty et al.
(2014) in the US at the county and commuting zone level.13 The distribution of rank-rank slopes
across counties looks relatively normal, with an average of 0.26 and a standard deviation of 0.086.
County rank-rank slopes are negatively associated with the county’s average income (ρ = −0.33),
and most of that negative association is driven by counties with a high proportion of AfricanAmerican residents. We also have access to the income quintile transition matrices at the commuting zone level, so we can explore the association between income transition probabilities and
rank-rank slope values. Figure 2 shows the association between the commuting zone rank-rank
slopes and the probability of being in the first income quintile conditional on the parent being in
the first quintile, on one hand, and between the commuting zone rank-rank slope and the probability of being in the highest quintile conditional on the parent being in the top quintile, on the other.
The association in the first quintile (ρ = 0.66) is higher than the association in the highest quintile
(ρ = 0.11), suggesting an important fraction of the highest rank-rank slopes observed in the data
are due to the probability of staying at the bottom not at the top of the income distribution. Again,
13 The commuting zones (CZ) identify smaller county clusters within Labor Market Areas (LMA), and are based
on journey-to-work data and define clusters of counties with strong commuting ties. For more information, see Tolbert
and Sizer (1996).

17

part of the association between the probability of being in the same income quintile as parents is
driven by commuting zones with a high proportion of African-American residents. Overall, these
descriptives provide relevant information to calibrate our model.
Aggregate mortality and income mobility information are collected by birth cohort (e.g., agents
born between years 10 and 50 who started working or died). The size of the cohort is defined by the
parameters mcoht and mobcoht in Table 1. Similarly to estimating a moving average, measures are
calculated using a moving time window (Tw ), so that cohorts have enough number of agents and
values are relatively stable overtime. For instance, if the cohort 10-50 is used to estimate county’s
rank-rank slope and Tw = 10, the next cohort would be 20-60, and so on. The county associated
with the rank-rank slope is determined by where the agent started working. Even if a working
agent moves later to a different county, the income mobility regime remains linked to the county
where the agent started working.14 A similar approach is used when computing the life expectancy
by county, but this time using the ages of death in the county where agents die. In other words, the
life expectancy of the county reflects the agent’s place of death as mortality data usually do. We
compute the average age of death of a birth cohort (e.g., 10-50) when all agents from that cohort
have died. Other cross-sectional aggregate measures such as the county’s average income, NSI, or
Gini coefficient are recorded every Tw years.
We also track agents’ exposure to county income composition and income mobility. MIA registers the difference between t + c (current time) and t (time of previous record), ∆tr , and county’s
income and rank-rank slope at time t, every simulation year or when agents move to a new county.
By age 18, for instance, the rank-rank slope exposure is estimated using the formula in Equation
7. Average exposure statistics are then used as inputs in the functions outlined above.15
14 Chetty et al. (2014) permanently assigns each child to a single county based on the ZIP code from which his
parent filed their tax return in the first year the child was claimed as a dependent. They interpret this as the area where
a child grew up. The county where a child grew up does not necessarily correspond to the county where he lives later
or where he lives when Chetty et al., 2014 measured his income (at age 30) in 2011–2012. In their core sample, 38%
of the children lived in a different county in 2012 relative to where they grew up.
15 For computational reasons, intensive county’s characteristics such as the Gini coefficient and rank-rank slope
(income mobility) are computed every ten years (see parameter Th in Table 1).
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∑18
i=0 county’s income mobilityi
18

4.6

(7)

Agents attributes and relationships

To summarize the structure of our model, Figure 3 displays the key agents’ attributes and relationships in MIA, omitting composition effects (e.g., how agents contribute to the county income
average). Factors in green represent children, parents’ variables are in blue, and county-level factors in orange. Black arrows are relationships always on, and red arrows can be switched off to
explore scenarios.
Before age 18, children live with their parents in the same county. By age 18, an income class
is assigned based on the parent’s income class and the income composition of the county where
they live (i.e., parent’s county). This is represented by the arrow between parent’s income class
and child’s income class. Children are also exposed to the income class composition in the place
where they live (parents’ county) or county’s income class exposure. These are the two key factors
that define income mobility. Once the income class is assigned based on transition probabilities
(Ik ), we define the final income by sampling from an observed income distribution for class k (i.e,
quintile). Each county’s rank-rank slope is computed based on the (national) rank of children who
started working in a county. Thus, income mobility of a place becomes fixed once is measured,
regardless of where the kids decide to live in the future.
From age 18 on, agents can move to different counties randomly or based on their income class
(i.e., segregation represented by the arrow from kid’s income class to kid’s county of residence).
Kid’s income class would increase or reduce mortality risks and the propensity to smoke by age
30. Smoking also affects mortality risks, while mortality and smoking would be influenced by
county’s resources (the arrow from county’s income exposure to mortality and smoking). The
impact of individual income mobility works only through changes in income (and not through the
stress that may be related to mobility changes), whereas the effect estimated by Daza and Palloni
(2021) is represented by the arrow from county’s income mobility exposure to smoking.
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5

Experimental design

5.1

Micro-simulation

To examine the population-level consequences for mortality due to changes in the income mobility regime, we estimate the absolute difference in life expectancy using the individual effect of
exposure to county’s rank-rank slope on smoking across different scenarios. To obtain sensible
estimates of the difference in life expectancy, we calibrate our model so that the distribution of
rank-rank slopes across counties and the proportion of smokers mimics the empirical data. In the
case of smoking, the population prevalence should match the average population in NHIS 2019
when the individual effect of exposure to county’s rank-rank slope is active.16 In addition, we
explore the absolute differences in life expectancy across three residential mobility regimes: no
residential mobility, random residential mobility, and segregation.17
Our first counterfactual scenario is created by setting the rank-rank slope coefficient exposure
by age 18 equal to 0 (βsimob = 0), computing life expectancy at birth, and comparing the results
with those obtained when the rank-rank slope coefficient exposure by 18 is equal to the value reported by Daza and Palloni (2021). Daza and Palloni (2021)’s coefficient comes from a logistic
regression and represents the proportional change in the odds of smoking when income mobility
increases by one standard deviation. Whether that coefficient is 0 or positive, we take into account
its uncertainty by sampling from a normal distribution.18 This exercise allows us to get a sense
of the absolute magnitude of the effect estimated by Daza and Palloni (2021) under interventions
that, for instance, target smoking behavior directly: without changing income mobility, having an
efficient intervention to alter desistance behavior may well affect smoking and reducing the impact
of income mobility on mortality. Another option, probably more ambitious, is to promote interventions that affect the income mobility regime itself (e.g., improve educational opportunities).
16 For

more details see the Methodological Supplement.
avoid counties without population after several replicates, we did not set a moving decision rate mobr = 0 for
the no residential mobility scenario. Instead, we used a tiny moving decision rate, mobr = 0.001.
18 We sampled the coefficient values from a normal distribution with mean equal to 1.395 and standard deviation
0.58, and a mean equal to 0.0 and standard deviation 0.58 when βsimob = 0.
17 To
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We then explore a second scenario where we compare the life expectancy when the rank-rank
slope is set equal to zero – each cell of the transition matrix Ib is 0.20 – with a regime where the
Ib ’s diagonal is set to pk = 0.32, while the values outside the diagonal are weighted using empirical
data (pkdist =true).19 In this case, changes in life expectancy will not be only due to the rank-rank
slope exposure by age 18, but also to the individual and aggregate effect of income on smoking
and mortality risks. The average county’s income under the scenario where the rank-rank slope
is set to zero is higher than the regime in which we add some rigidity to the stratification system.
Therefore, part of the differences in life expectancy would be just due to changes in income. We
can estimate the fraction of life expectancy differences attributable to changes in income and the
income mobility regime by simulating only changes in the transition matrix when βsimob is zero, and
then compare them with the differences when both the transition matrix and the rank-rank slope
exposure coefficient βsimob change (i.e., decomposition).
Each of the scenarios discussed in this section was run 100 times for a total of 1800 replicates.

5.2

Exogenous income mobility and residential mobility

To assess how difficult it is to retrieve the effect of income mobility exposure on mortality, we
run statistical models to estimate the association between income mobility and mortality under
different residential mobility regimes, income mobility effect sizes, and data collection strategies.
The county’s transition matrices, in turn, are defined exogenously by sampling from transition
matrices estimated by Chetty et al. (2014) at the commuting zone level.
To simplify this exercise, we created a fictitious direct effect between county’s income mobility
exposure at time t on agent’s mortality risk. Thus, we can estimate the effect of income mobility
exposure using simple statistical models from the data generated by MIA, and assess the size of
the bias associated with different data collection strategies. We add the coefficient βm f to equation
1, and use the values 0.0, 0.3, and 0.5. Those values are then multiplied by the total exposure to the
19 We

used the values from matrix Ib in Equation 2. As a result, the contiguous transition probabilities follow an
empirical gradient instead of being all (1.0 − 0.32)/4 = 0.17.
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county’s income mobility regime every time the mortality function is evaluated (e.g., birth date).
If βm f = 0.5 and the average county’s rank-rank slope exposure goes from 0.0 to 0.30, the hazard
ratio would be 1.16, and the mortality risk of those with a higher rank-rank slope should be 1.16
higher than those with a rank-rank slope equal to 0.
We examine three data collection and modeling strategies. First, we analyze individual mortality data and use the average exposure variables specified in MIA, so that each agent contributes
with one data record. We then estimate Cox models regressing age of death on total county’s
income mobility exposure, total county’s income exposure, and individual income (natural logarithm). We expect these models to produce the best βm f estimates using individual data.20 Second,
we analyze records similar to the cross-sectional data used by Venkataramani et al. (2016) to study
the association between income mobility and health. In Venkataramani et al. (2016), place of residence is measured at the time of the survey. In our case, we record the county’s characteristics
of the place where agents die, and use a Cox model to regress county’s income mobility, county’s
income, individual income (natural logarithm) on the age of death. Finally, we produce aggregate
data to mimic the analyses by Venkataramani et al. (2015) and Daza and Palloni (2018). This
time, we estimate a linear model regressing county’s income mobility, county’s income (natural
logarithm), and county’s population (natural logarithm) on county’s life expectancy.
Again, we ran MIA 100 times for each scenario thus producing a total of 900 replicates. The
results of the models were pooled using meta-analysis techniques: we estimated our models for
each replicate, collected the estimates and standard errors, and combined them using randomeffects models to allow the effects to vary across replicates (Viechtbauer, 2010).21

5.3

Endogenous income mobility and residential mobility

Our final exercise consists of exploring the association between income mobility and mortality at
the individual and aggregate level when no exogenous effect of income mobility on health has been
20 Our

models do not include any time-varying covariates.
fixed-effects models provide almost identical results. The meta-analysis models we estimate assume that
the weights of the coefficients (i.e., standard errors) are known (Viechtbauer, 2010).
21 Using
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introduced (i.e., no arrow from kid county’s income mobility exposure to smoking in Figure 3),
and the income mobility regime is defined endogenously.
First, we create an association between county’s income mobility (rank-rank slope) and income as shown in Figure 2. To produce this association, we add heterogeneity to the definition
of agents’ transition matrix by using different values in vector Wk (Equation 2). The vector Wk
allows us to make the agents’ transition matrix endogenous depending on the income composition of counties where agents have lived by age 18. In particular, we employ values so that low
income groups are more susceptible to the county’s income composition than better-off groups:
Wk = [0.8, 0.7, 0.3, 0.1, 0.05]. In other words, the first quintile weight would be w1 = 0.80, so
that the income group composition at county c when defining the income transition matrix would
weight 0.80. For the highest quintile, instead, the baseline transition probabilities would be much
more important than the county’s income group composition (1 − w5 = 0.95). This implementation looks plausible as better-off individuals have more resources (economic, social, and cultural)
to face the disadvantages of the places where they live. We expect, therefore, poorer counties to
have a higher rank-rank slope (less income mobility) than richer counties due to both the weight
of county’s income composition and segregation. The baseline probability for the diagonal of the
transition matrix’s diagonal is pk = 0.30, while the values outside the diagonal follows an empirical distribution (pkdist =true). Finally, using the three data collection and modeling strategies
discussed in the previous section, we check whether or not we are able to retrieve the no effect
of income mobility and mortality when using individual and aggregate models that adjust for income exposure, county’s current income, and individual income. We ran each scenario 100 times,
created 300 replicates, and pooled the results through meta-analysis techniques.
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6

Results

6.1

Life expectancy and the effect income mobility exposure on smoking

We first plot the absolute difference in life expectancy due to the individual effect of exposure
to county’s rank-rank slope on smoking behavior. Figure 4 shows the absolute life expectancy
differences by residential mobility scenario (no residential mobility, random residential mobility,
and segregation) when the individual effect of exposure to county’s rank-rank slope on smoking
βsimob is equal to the value estimated by Daza and Palloni (2021), and the coefficient is set to zero.
The average absolute life expectancy difference associated with the exposure to county’s rankrank slope goes from -0.72 to -0.64 years. Most of the estimated differences are negative (decrease
in life expectancy), although we observe more variability when agents can move between counties.
While the scenario without residential mobility produces negative values in 99% of the replicates,
random mobility and segregation produce negative values in 97% and 95% of replicates, respectively. Figure 4 also shows the average county’s rank-rank slope (and standard deviation), the NSI,
and the proportion of smokers when the income mobility effect on smoking is positive. The rankrank slope values are close to the average observed in the US (0.26, SE = 0.9 in the US; 0.30, SE
= 0.09 in our simulation). As expected, the NSI is higher when agents decide where to live based
on the county’s income (0.38) or when there is no residential mobility (0.17), and lower when residential mobility is completely random (0.07). The proportion of smokers in the population reaches
about 16% when the income mobility effect is active, very close to the NHIS 2019 estimate (17%).
We created plots similar to Figure 4, only this time comparing the first and last income quintile.
Previous research using county level data suggests that the association of income mobility with
life expectancy generally declined by income quartile (Venkataramani, Daza, et al., 2020). Figure
5 shows the life expectancy differences for quintiles 1 and 5 by residential mobility scenario.
Although the variability in the distributions is higher than what we see in Figure 4, the plots show
that life expectancy differences in the first quintile are lower than the ones in the last quintile (about
0.8 years). In addition, about 90% of the values in the first quintile are negative (decrease in life
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expectancy) versus 60% in the highest quintile. These results suggest that the heterogeneity of
the effects of income mobility on mortality suggested in previous research could be mostly due
to differences in the adoption of healthy behaviors (e.g., smoking rates), and not necessarily to
different effects of income mobility on behavior by income group.
We also simulated the consequences of changes in the income transition matrix rather than the
individual effect of exposure to county’s rank-rank slope. First, we set the rank-rank slope to zero
by setting each cell of the transition matrix Ib equal to 0.20. We compare life expectancy from that
regime with another in which the diagonal of the transition matrix Ib is set to 0.32. Figure 6 shows
absolute life expectancy differences by residential mobility scenario. In this case, the average
life expectancy difference goes from -0.87 with no residential mobility to -0.82 with segregation.
The values of the distributions are mostly negative for all residential mobility scenarios. As we
discussed above, the changes we observe in life expectancy are not only due to the rank-rank slope
exposure by age 18, but also to the effects of individual and county’s income exposure both on
smoking and mortality risks. We estimate the fraction attributable to changes in income only by
comparing changes in life expectancy by transition matrix with and without the effect of the rankrank exposure on smoking. Based on that estimation, about 17% of the changes we observed in life
expectancy are due to changes in income only. If we subtract that fraction from the raw estimates
in Figure 6, we get a life expectancy decrease of about 0.69 years, similar to the estimates in Figure
4 (on average 0.67 years). The differences by income quintile (not shown) follow the same pattern
described in Figure 5: The lowest income quintile has higher decreases in life expectancy than the
highest quintile.

6.2

Retrieving exogenous income mobility effect on mortality

We now explore how difficult it is to retrieve the effect of the county’s income mobility exposure
on mortality risk using different data collection strategies when the income mobility regime is exogenous. Table 2 displays income mobility effect estimates on mortality across different residential
mobility scenarios, βm f values, data collection and modeling strategies.
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The first set of models, individual mortality & total income mobility exposure, should reproduce
βm f , the coefficient specified in MIA as they include the best measure of total county income and
income mobility (rank-rank slope) exposure at the individual level. When βm f = 0, there is no
direct or indirect effect of county’s income mobility on smoking or mortality, besides the effect
of county and individual income which are controlled for in the statistical models. Individual
mortality & total income mobility exposure coefficients in all residential mobility scenarios are
close to zero and imprecise enough to be distinguished from zero, except for the scenario without
residential mobility in which the coefficient has a 95% confidence interval of [0.03 − 0.09]. When
βm f = 0.30 and βm f = 0.50, the estimated coefficients across mobility scenarios and replicates
are also consistent with the fictitious values used as parameters in MIA. The individual mortality
& total income mobility exposure models show coefficients close to 0.30 and 0.50, respectively,
and are precise enough to be considered different from zero. Thus, our baseline measurement and
model specification is able, in most of the cases, to recover βm f .
When we replace the exposure variables by county level measures of income and income mobility – individual mortality & county income mobility in Table 2 – the estimates of the association
between income mobility and individual mortality risk show more variability across movement
scenarios. We observe that the best βm f estimation occurs when there is no residential mobility,
with point estimates ranging from 0.10 to 0.36. Except for βm f = 0, using county measures tends
to bias estimates downward as county measures are only partially correlated with the actual exposure due to changes in county composition and cohort fluctuations. This pattern becomes evident
in the case of random residential mobility where breaking the link between exposure and county’s
characteristics at the age of death through a random selection of counties, makes all coefficients
practically equal to zero, regardless of βm f ’s values. Intermediate results are observed in the case
of segregation: while the estimated coefficients are considerably smaller than the βm f (i.e., 0.30
and 0.50), they are still positive and precise, ranging from 0.11 and 0.20.
We also explore the association between county’s income mobility and life expectancy using aggregate data, mimicking the analysis produced in previous research (Daza & Palloni, 2018;
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Venkataramani et al., 2015; Venkataramani, Daza, et al., 2020). First, the association between
county’s life expectancy and income mobility (rank-rank slope) is always negative with confidence intervals far from zero. The highest coefficients are observed when there is no residential
mobility. For instance, based on our statistical models adjusting for county’s income and population size, moving from a county whose rank-rank slope equals to 0 to one in which it takes the
value 0.26 reduces the life expectancy by about 0.30 years when βm f = 0.0, and 1.09 years when
βm f = 0.5. The aggregate coefficients under random residential mobility or segregation are considerably smaller, but still negative. While the estimate is -0.67 when βm f = 0.5 and there is random
residential mobility, it decreases to -1.95 with segregation. In other words, residential movement
seems to bias estimates downward as the correlation between individual income mobility exposure
and county’s income mobility weakens when agents are able to decide in which county to live.
Although the coefficients from the county life expectancy & income mobility’s models in Table
2 when βm f = 0.0 are small – an increase in the county’s rank-rank slope from 0 to 0.26 would
decrease life expectancy by 0.06 years when there is segregation, and 0.31 years when there is no
residential movement – they suggest aggregate empirical estimates will show a negative association between income mobility and mortality when no individual effect is present (i.e., ecological
fallacy).

6.3

Retrieving endogenous income mobility effect on mortality

Finally, we examine how heterogeneity in the definition of the income transition matrix could generate an artificial association between income mobility and mortality, even though there is no direct
effect of county’s income mobility exposure on smoking or mortality risk. We add heterogeneity
in the definition agents’ transition matrix by setting different values of the vector Wk (equation 2)
so that agents define their income transition matrix endogenously based on the income composition of the counties where they live by age 18. Table 3 shows the estimates for three different
Wk scenarios: (1) all the values in the Wk vector are 0.0, i.e., there is no impact of the county’s
income composition on the income transition matrix; (2) all the values in Wk are 0.5, so that to
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create an income transition matrix equal to the average between the baseline transition probabilities and the income composition of the places where an agent lived before 18 years old; and (3),
Wk = [0.8, 0.7, 0.3, 0.1, 0.05] to make the poorest agents more susceptible to county’s income composition than the richest ones. Again, we ran three types of models using the same data collection
strategies described previously: individual mortality & total income mobility exposure, individual
mortality & county income mobility, and county’s life expectancy & income mobility. In all these
scenarios, the baseline probability of the transition matrix diagonal pk is equal to 0.30, while the
values outside the diagonal follow an empirical distribution (pkdist =true).
The baseline scenario simulates a world where the transition matrix for each agent is the same,
and there is no influence on the county’s income composition (wk = 0). This generates an average
county’s rank-rank slope of 0.28 (SE=0.08), and NSI of 0.35.22 When estimating the coefficients
of the association between income mobility and mortality, we see that most of the coefficients
are negative but very imprecise to be distinguished from zero. The only confidence interval that
does not include zero in the first column (wk = 0) is negative and quite small, even though we
expect a positive relationship between rank-rank slope and mortality risk. These baseline results
are expected as the income transition matrix is homogeneous across agents, and no direct link
between the county’s rank-rank slope and smoking or mortality has been included.
The second scenario sets wk = 0.5, so that the transition matrix now is influenced by the income composition of counties. With segregation, this would create more variability in the rankrank slope across counties. The average county’s rank-rank slope decreases to 0.15 (SE=0.08)
and becomes only slightly more variable than the baseline. The NSI, instead, increases to 0.41.
Again, the coefficients of the second column of Table 3 (wk = 0.5) are very imprecise and not different from zero. Thus, even in the presence of income segregation, a homogeneous influence of
county’s income composition would not generate a spurious relationship between income mobility
and mortality.
In the last scenario, wk is heterogeneous and related to the income group of agent’s parents. The
22 See the Methodological Supplement for more details on how the rank-rank slope behaves using different transition matrices.
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average county’s rank-rank slope now is 0.14 (SE=0.13) and the NSI is 0.41. The last column of
Table 3 shows that the coefficients of the exposure and county’s rank-rank slopes are both positive,
albeit very small. When using aggregate data, the association between county’s income mobility
and life expectancy is -1.54, a value not far from the county level estimated when using exogenous
transition matrices, βm f = 0.5, and under segregation (-1.95 in Table 2). Thus, an increase of the
county’s rank-rank slope from 0.0 to 0.26 would decrease the county’s life expectancy by 0.40
years, even after adjusting for county’s income.23

7

Conclusions and discussion

Concerning the paper’s first objective, our microsimulation results suggest the relative effect of
the exposure to county’s income mobility (rank-rank slope) during childhood and adolescence on
smoking behavior during early adulthood estimated by Daza and Palloni (2021), can generate significant differences in life expectancy at the population level. Assuming that the only mechanism
through which income mobility might impact health and mortality is smoking behaviors, growing up in a society with almost complete income mobility instead of in one with income mobility
levels similar to the US reduces life expectancy by 0.67 years24 . These estimates are robust to different residential mobility scenarios implemented in our model and counterfactual definitions (e.g.,
change in transition probabilities versus change in the effect – coefficient – of income mobility on
smoking). In all cases they are associated with considerable levels of uncertainty. It is important
to note that these estimates depend on how we implement our agent-based model (i.e., parameters)
and whether the coefficients estimated by Daza and Palloni (2021) are approximately correct. Although Daza and Palloni (2021) suggest the connection between income mobility and health is not
as systematic as previous research shows, it is not unreasonable to think that the effect of income
23 Adjusting

for the county’s average age does not change these results.
that to maintain comparability with previous studies, we use life expectancy at birth rather than at adult
ages. We are cognizant that the consequences of smoking are only discernible at adult ages so that the years of life lost
due to low income mobility we estimate here ought to be compared with those that are expected to be lived in ages,
say, 40 or 50.
24 Note
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mobility on health behavior is as large or larger than the one reported by these authors. That can
be the case if we consider, in addition to smoking, other paths connecting income mobility and
health and health behavior (e.g., deaths of despair such as suicide, drug overdose, and alcoholic
liver disease (Case & Deaton, 2020)). If estimates of the effects of mobility on smoking behaviors suggested by Daza and Palloni (2021) are not upwardly biased, then the estimated impact of
income mobility on mortality obtained here should be considered a lower bound.
Our microsimulation also shows that heterogeneity of estimated effects of income mobility on
mortality reported in previous research (Venkataramani, Daza, et al., 2020) can be generated using the observed prevalence of smoking by income quintiles, without varying the effect of income
mobility on smoking by income class. In the real world, however, it is likely that both different prevalence of unhealthy behaviors and heterogeneity of effects by income are present, thus
reinforcing the differences we observe at the population level in our model.
Regarding our second goal, we examine how difficult it is to retrieve the effects of income
mobility on mortality under different residential segregation scenarios, data collection, and modeling strategies. When income mobility is defined exogenously by sampling observed income
transition matrices (Chetty et al., 2014) instead of using the actual county’s exposure variables
(i.e., measurement error) we are likely to bias downward the association between income mobility
and mortality when using individual data and county-level data. These biases appear across all
residential mobility scenarios we explore, including when specifying constant county’s transition
matrices. Although the biases are small, the simulation suggests that the use of aggregate data
leads to a negative correlation between income mobility and mortality even when no individual
effects are present.
Estimation of income mobility effects seems to be worse when there is heterogeneity in the definition of income transition matrices by income group. Even with an optimal study design, that is,
using exposure variables and individual data, we observe some, albeit small, bias. Using aggregate
data leads to the most misleading estimates as they suggest a strong relationship between income
mobility and mortality when no direct link between those variables exists at the individual level.
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These results suggest we should avoid entirely models in which the exposure is not well defined
and measured, even when the mobility regimes we study are invariant across the spatial units that
define exposure (e.g., counties). There is no doubt that previous studies using aggregate data have
contributed a considerable amount to this research area (Daza & Palloni, 2018; Venkataramani
et al., 2015; Venkataramani, Daza, et al., 2020). However, our simulation model suggests that the
empirical findings highlighted in these studies could be biased. Using individual and longitudinal
data would help us measure exposure more precisely and could also help to attenuate the impact of
selection and to account for the effects of time-varying confounding. To what extend could these
ideal studies confirm or not previous aggregate studies is an empirical question.
Furthermore, our results suggest we should take into account the potential consequences of
heterogeneity. One way to think about heterogeneity is as analogous to unobserved confounding
and selection bias when using regression models (Elwert & Winship, 2010). In this particular case,
ignoring heterogeneity in the income generation process, could prone to failure when studying the
association of income mobility and health by just running regression models with the hope that
main-effects-only models can recover the desired quantities.
This is just a first attempt to formalize ideas regarding the connection between income mobility
and health. As such, our study has a number of shortcomings that could be addressed in future research. First, we use a very narrow definition of the mechanisms might trigger differences in health
(i.e., contextual income mobility or county’s rank-rank slope). Family income mobility might also
impact individuals. For instance, the parent’s mobility experience itself (whether they experienced
mobility and how significant was the shift) before children turn 18 or when they leave the parental
home, could be a more direct (and easy to measure) factor that changes the kid’s expectations and
adoption of healthy behaviors. Similarly, the average exposure of parents to regimes of mobility
depending on the counties they lived in before a child is born might be critical in shaping future
expectations and parenting styles that may ultimately affect the kid’s adoption of health-impairing
behaviors. Unfortunately, we do not have empirical estimates of those effects. However, those
mechanisms can be easily added to MIA and used to design empirical studies with individual and
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longitudinal data. Second, we were able to explore only a limited number of scenarios and possible
parameter values. To understand better the behavior of our model, we should carry out more extensive sensitivity analyses with the capability to assess the impact of key parameters on the outputs
of our model. Third, we could explore which sources of heterogeneity are critical when trying to
estimate the relation of interest, and identify clear analytical tools to retrieve those effects. Finally,
MIA could be useful to explore plausible counterfactual and intervention scenarios. Although statistical models can provide insights regarding counterfactual scenarios, a model like MIA offers a
more direct framework to incorporate concrete interventions (e.g., smoking treatment, educational
reform), and assess both their individual and population-level consequences
Our paper is the first to provide a formal framework to study income mobility, health, and mortality. This allow us not only to assess the population-level consequences of empirical estimates,
or under which conditions we can retrieve the effects or quantities of interest, but also can help us
design new studies and incorporate and explore new mechanisms, in the hopes of more fully accounting for phenomena where individual, contextual, spatial, reciprocal, cumulative effects, and
feedback loops come all and simultaneously into play.
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Tables
Table 1: MIA Parameters

Parameter

Anylogic Name

Symbol

Baseline value

Description

Mortality rate

f baselineMortalityRate

mx

See Table S4

Age-specific mortality rates per year.

Income type

p mortalityCoeffIncType

β mk

[0.1, 0.05, 0.0,
−0.05, −0.1]

Coefficients of income group k on mortality
risk.

Smoking status

p mortalityCoeffSmoking

βmsmk

1.030 (SE = 0.05)

Coefficient of the effect of smoking on
the mortality risk for all causes of death
among men: Hazard Ratio 2.8 (99% CI
= 2.4 to 3.1) (Jha et al., 2013, Table 2,
pg. 346). The coefficient comes from male
models adjusting for age, educational level,
alcohol consumption, and body mass index. The standard error was computed using
the formula: (log(3.1) - log(2.4))/
(qnorm(0.995)*2) in the software R.

Income exposure

p mortalityCoeffIncExpZ

βmie

-0.1

Coefficient of the effect of standardized
county’s income exposure on mortality risk.

Income mobility exposure

p mortalityFakeCoeffRankSlope

βm f

0.0

Fictitious coefficient of the effect of county’s
income mobility exposure on mortality risks.

Fertility rate

f baselineFertilityRate

fx

See Table S4

Age-specific fertility rates per year.

Fertility adjustment factor

p fertilityAdjustment

fadj

1.69

Age-specific fertility rates per year are divided by fadj to emulate a stationary population (zero growth rate).

Income group fertility adjustment

p fertilityCoeffIncType

fiadj

[0.3, −0.10, −0.10,
−0.10, −0.10]

Fertility income group adjustment to avoid
unbalance of income groups’ population.

Moving decision rate

p movingDecisionRate

mobr

0.10

Average number of decisions to move per
year when agents are eighteen years old or
older. Younger agents (age < 18) would
move only if parents do.

Move randomly

p randomMobilityProb

mobrand

0.01

Probability agents move to a random county
that has not reached its population limit.

Moving threshold

p movingThreshold

mobthr

0.22

The lowest proportion of agents with the
same agent’s income category k before moving to a different county.

Mortality

Fertility

Residential mobility

Continued on next page
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Continued from previous page
Parameter

Anylogic Name

Symbol

Baseline value

Description

Population limit ratio

p populationMaxRatio

poplimit

1.10

Ratio at which counties can grow with respect to the expected population. To compute the maximum population of a county
at time t, the population at time t is divided
by the number of counties and multiplied by
1.10.

Income type

p incomeType

k

1-5

Agents’ income quintile.

Income

p income

incomek 0 – 1,953,700

Parent income type

p parentIncomeType

parentk

Parent’s income

p parentIncome

pincomek 0 – 1,953,700

County’s transition matrix

v incomeTransitionMatrix

Ib

Matrix

Relative importance of county’s in- p weightVectorCountyIncExp
come exposure

Wk

[0.0, 0.0, 0.0, 0.0, 0.0] Weight to combine the transition matrix Ib
and vector Ck (see main text for details).
When wk = 0.5, the estimate is equivalent to
the arithmetic mean.

Endogenous income mobility

endg

false

Whether individual transition matrices are
defined exogenously (by sampling from observed transition matrices) or endogenously
by the parameters and dynamic of the model.

pk

0.20

When the individual transition matrices are
endogenous, the diagonal of the transition
matrix is equal to pk .

false

When the individual transition matrices are
endogenous, the out-of-diagonal values follow an empirical distribution (e.g., equation
2), not the default value (1 − pk )/(k − 1).

Income

p endogenousIncomeMob

Baseline probability in the diagonal p baselineSameIncomeProb
of the transition matrix

Empirical distribution of out-of- p empiricalDistributionTransMob pkdist
diagonal transition probabilities

1-5

Agents’ income. It is defined by sampling from the IPUMS micro-data family income distribution by quintile (Ruggles et al.,
2020).
Parent’s income quintile.
Parent’s agent income.
Transition matrix used to assign income type
to agent i at age 18 and county c. When income mobility is exogenous, the transition
matrix comes from a sample of commuting
zone transition matrices (Chetty et al., 2014).

Smoking
Income type

p smokingCoeffIncType

βsk

[−0.91, −1.25, −1.69, Coefficients of income group on smok−2.10, −2.86]
ing. These coefficients where estimated
using the National Health Interview
Survey 2019 (NHIS). When running
micro-simulations the values used were
[−1.27, −1.65, −2.13, −2.51, −3.29].
Continued on next page
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Continued from previous page
Parameter

Anylogic Name

Symbol

Baseline value

Description

Income mobility

p smokingCoeffRankSlope

βsimob

1.395 (SE = 0.58)

Defined by dividing the z-score coefficient
reported in Daza and Palloni (2021) (Table
1, adjusted models) by the standard deviation of relative income mobility (rank-rank
slope) across counties (SD = 0.086): 0.12
/ 0.086 = 1.395.

Income exposure

p smokingCoeffIncExpZ

βsie

-0.2

Coefficient of the effect of standardized
county’s income exposure on smoking status.

Parent smoking status

p smokingCoeffSmkParent

βs psmk

0.54 (SE = 0.04)

Agent’s parent smoking coefficient comes
from Leonardi-Bee et al., 2011’s metaanalysis: Odds ratio = 1.72 (95% CI 1.59
to 1.86). The standard error was computed
using:
(log(1.86) - log(1.59))/
(qnorm(0.975)*2).

Population per county

p peoplePerCounty

pop

100

Initial number of agents per county

Number of counties

p numberCounties

cty

30

Total number of counties.

Last complete generation

p lastGeneration

G

30

Last generation before stopping the simulation.

Mortality cohort size

p mortalityCohortSize

mcoht

40

Number of years used to define the cohort
in which life expectancy is computed by
county.

Mobility cohort size

p mobilityCohortSize

mobcoht

60

Number of years used to define the cohort in
which income mobility indicators are computed.

Recurrent time of cohort measure- p measurementCohortWindow
ments

Tw

10

Years between mortality and income mobility measurements.

Recurrent time of heavy computa- p recurrentTimeHeavyComp
tions

Th

10

Years between computationally heavy measurements (.e.g, Gini coefficient).

Other

SD = Standard deviation; SE = Standard error.
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Table 2: Estimates income mobility (IM) effect on mortality
βm f = 0.0

βm f = 0.3

βm f = 0.5

Individual mortality & Total IM exposure (Cox)

0.06∗
[0.03; 0.09]

0.30∗
[0.28; 0.33]

0.51∗
[0.48; 0.54]

Individual mortality & County IM (Cox)

0.10∗
[0.07; 0.14]

0.24∗
[0.21; 0.28]

0.36∗
[0.32; 0.39]

−1.19∗
[−1.35; −1.03]

−2.96∗
[−3.14; −2.78]

−4.19∗
[−4.39; −3.99]

No residential mobility

County LE & IM (GLM)

Random residential mobility
Individual mortality & Total IM exposure (Cox)

0.03
[−0.04; 0.10]

0.32∗
[0.25; 0.39]

0.53∗
[0.47; 0.60]

Individual mortality & County IM (Cox)

−0.01
[−0.04; 0.02]

0.01
[−0.03; 0.04]

0.02
[−0.01; 0.05]

County LE & IM (GLM)

−0.26∗
[−0.38; −0.15]

−0.42∗
[−0.56; −0.28]

−0.67∗
[−0.80; −0.54]

Segregation
Individual mortality & Total IM exposure (Cox)

0.02
[−0.01; 0.06]

0.30∗
[0.26; 0.33]

0.49∗
[0.46; 0.53]

Individual mortality & County IM (Cox)

0.03
[−0.01; 0.06]

0.11∗
[0.08; 0.14]

0.20∗
[0.17; 0.23]

County LE & IM (GLM)

−0.23∗
[−0.42; −0.04]

−1.34∗
[−1.54; −1.14]

−1.95∗
[−2.15; −1.75]

Replicates per scenario (9)

100

100

100

∗

Null hypothesis value outside the 95% confidence interval. Each coefficient comes from random-effects model pooling replicate estimates. The total number of replicates is 900, 100 for each βm f value and residential mobility scenario.
GLM = generalized linear model. LE = Life expectancy.
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Table 3: Mortality on income mobility (IM) with βm f = 0.0 by wk values
wk = 0.0

wk = 0.5

wk

Individual mortality & Total IM exposure (Cox)

−0.06∗
[−0.11; −0.01]

0.05
[−0.01; 0.10]

0.15∗
[0.11; 0.19]

Individual Mortality & County IM (Cox)

−0.01
[−0.05; 0.03]

0.01
[−0.04; 0.06]

0.06∗
[0.02; 0.09]

County LE & IM (GLM)

−0.17
[−0.35; 0.01]

0.13
[−0.03; 0.30]

−1.54∗
[−1.70; −1.38]

Replicates per scenario (3)

100

100

100

∗

Null hypothesis value outside the 95% confidence interval. Each coefficient comes from a random-effects model pooling replicate
estimates. The total number of replicates is 300, 100 for each wk scenario.
The Wk vector for the last scenario is [0.8, 0.7, 0.3, 0.1, 0.05].
GLM = generalized linear model. LE = Life expectancy.
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Figures
Figure 1: Person State Chart
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Figure 2: Chetty et al., 2014’s rank-rank slope descriptives
CZ = Commuting zones
County Rank−rank slope distribution, Average = 0.26 , SD = 0.086

County Rank−rank slope and income, Corr = −0.33
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Figure 3: Agent’s attributes and relationships
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Figure 4: Micro-simulated life expectancy (LE) differences for the
rank-rank slope effect on smoking
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Figure 5: Micro-simulated life expectancy (LE) differences for the
rank-rank slope effect on smoking by income Q1 and Q5
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Figure 6: Micro-simulated life expectancy (LE) differences for the
rank-rank slope effect on smoking using transition matrices as counterfactual
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Methodological Supplement
The code to reproduce our models, analyses, and plots is available at https://github.com/sdaza/
dissertation/tree/master/ch04. In this supplement, we show and discuss the verification and calibration of MIA’s modules to ensure our model implementation is correct. For this purpose, MIA’s
general setup is: (a) 30 counties with an initial population of 100 agents, (b) five income groups
(quintiles), (c) a population limit per county of 10% the expected population at time t, (d) a decision moving rate of mobr = 0.10, (e) 30 replicates per scenario, and (f) 30 as the the last complete
generation before finishing the simulation.

Demographic dynamics
To examine MIA’s demographic behavior, we collected individual information for generations 20,
25, and 30, over 30 replicates. Figure S1 summarizes the key demographic processes implemented
in MIA using US mortality and fertility rates as baselines (Table S4). We adjusted fertility rates
to create a relatively stable population and keep the size of income groups relatively even (e.g,
the lowest income group has a higher mortality rate, but also a higher fertility rate relative to the
highest income group). As expected, the average number of offsprings per agent is practically 1.
The distribution of age of death follows the shape expected given the age-specific mortality rates
in the US, with an upper cut-off at 110 years (all agents must die by age 110). There are picks of
mortality at the beginning of each 5-year age interval. This is expected as the timing is sampled
from an exponential distribution when an agent enters an age group. Simulated life expectancy for
complete cohorts concentrates around 76.3 years, close to 78.6, the life expectancy estimated by
Kochanek et al. (2019) for the US (2017). The life expectancy values are not the same as the ones
estimated by Kochanek et al. (2019) because the baseline mortality rate is not adjusted by income
and the exposure to the county’s conditions or income-specific effects that modify the mortality risk
in groups of agents.25 The population sizes are relatively stable and uniform overtime, although
25 When

all income effects on mortality and smoking are removed, the estimated life expectancy is 78.4, practically
the same as the life expectancy estimation reported by Kochanek et al. (2019).

1

the total number of agents fluctuates considerably by replicate. The differences in life expectancy
by income group are in the same order of magnitude as the differences reported by Chetty et al.
(2016): around seven years between the highest and lowest quintile when income-specific effects
on smoking and mortality are active.

Table S4: Mortality and fertility rates
Age group

Mortality rate1

Fertility rate2

0

567.0

0

1

24.3

0

5

11.6

0

10

15.5

0.2

15

51.5

17.4

20

95.6

68.0

25

121.0

95.3

30

145.4

99.7

35

173.8

52.6

40

218.4

11.8

45

313.2

0.9

50

488.0

0

55

736.5

0

60

1050.2

0

65

1473.5

0

70

2206.9

0

75

3517.8

0

80

5871.7

0

85

13573.6

0

1

Rates are per 100,000 population in the US (Kochanek et al., 2019, Table 2, pg. 24).

2

Rates are births per 1,000 women in the US (Martin et al., 2019, Table 2, pg. 13).
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Figure S1: Population Dynamics (30 replicates)
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Residential mobility and segregation
The segregation mechanism is an adaptation of Schelling’s segregation model (Schelling, 2006).
Agents live in counties and at rate mobr decide whether to move or stay in the current county. With
a probability mobrand , agents decide to move to new county either randomly or based on the proportion of people with the same income group living in a county and similarity tolerance threshold
mobthr . Suppose the proportion of people in the income group k is lower than the tolerance threshold mobthr . In that case, agents would move to a random county, excluding those that have reached
their population limit so that to avoid an extreme concentration of agents in only some counties.
Figure S2 displays the decision chart associated with the residential mobility mechanism.
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Figure S2: Agent’s decision chart for residential mobility
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We use the neighborhood sorting index or NSI to measure income segregation (Jargowsky &
Kim, 2005). The NSI compares the income variation across all neighborhoods (or counties) in
a metro area with the income variation across all households in that metro area. If agents are
segregated across counties by income, the income variation across counties will be similar to the
income variation across agents, and the NSI will equal almost 1. If all counties are perfectly
economically integrated (i.e., each county is a microcosm of the entire population), the NSI will
be almost 0.
Thus, the NSI is a measure of the neighborhood’s heterogeneity, normalized by income variance. It measures segregation by showing how much aggregating data lose information about
variation in individual income. However, it fails to capture larger-scale features of neighborhoods’
spatial arrangement. The NSI is not affected if all high-income neighborhoods are clustered in one
part of the metropolitan area or scattered randomly around the map. For the propose of our model,
that limitation is not problematic.
To examine the changes in the levels of income segregation, we use a decision to move rate
(mobr ) of 0.10 per year. When movement is completely random, that rate generates about 7.6
moves on average over agents’ life course. Once the segregation mechanism is in action, the
number of moves is reduced about half as agents do not always have incentives to leave their
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county of residence. We explored three scenarios: (1) all agents move randomly, (2) only 1% of
agents move randomly with tolerance threshold 0.15, and (3) we increased the tolerance threshold
to 0.22. Figure S3 shows the dynamics of the NSI over 30 simulated generations and about 1100
simulation years per replicate. The NSI goes from 0.07 when the movement is completely random,
to 0.36 when the moving threshold is 0.22.
Figure S3: Neighborhood sorting index (NSI) by year (30 replicates)
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These differences depend on how the segregation model was implemented (income transition
matrices used, number of income groups and counties). Despite random fluctuations, the NSI
trajectories are relatively stable over time. As expected, the highest number of moves is observed
when the movement is completely random (7.6 moves on average during agents’ life course), while
the fewest moves (0.7) when mobthr is the lowest (0.15), and 2.3 moves when mobthr = 0.22. The
average of moves during childhood (before age 18) goes from 0.25 to 1.8. According to Jargowsky
and Wheeler (2017), the economic segregation in the US in 2010 was 0.396. To reproduce those
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levels of income segregation, we use a tolerance threshold mobthr that generates NSI levels close
to 0.40.

Income mobility
MIA’s income generation and mobility mechanisms consist of two components: (1) the link between the parent’s and child’s income group, and (2) the impact of the exposure to the county’s
resources on child’s income group. We verified the implementation of both mechanisms by examining the distribution of income, income mobility, and segregation. We defined three scenarios
or iterations using the baseline parameters (see Table 1 in the paper): (1) the base probability of
being in the same income group of the parent is 0.30, the probability for the rest of the income
groups is (1 − 0.3)/4 = 0.175, and wk = 0, that is, there is no effect of the county’s income group
composition on the child’s income group definition; (2) the same as (1), but this time the transition
probabilities change based on the exposure of county income group composition using (wk = 0.5);
(3) the transition probabilities come from a sample of commuting zones probabilities estimated by
Chetty et al. (2014), and they are assigned at the county level using wk = 0. As expected, MIA
generates an income distribution that mimics the IPUMS family income distribution (sample size
= 250,000, see Figure S4). Once an agent has been assigned to an income class (1 to 5), we drew
a weighted-sample from the IPUMS income distribution for that income quintile.

Figure S4: Individual income distribution (30 replicates)
Family income distribution (IPUMS, N = 250,000)
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The transition matrices shown below correspond to the average transition probabilities across
agents and replicates for each of the three scenarios we explored. The first matrix I1 displays the
expected probabilities and they are pretty close to the expected values: 0.30 for the diagonal and
0.175 elsewhere. The overall rank-rank slope in this iteration is 0.13 (all agents), almost the same
as the average of county’s rank-rank slopes (0.12, SD = 0.08), while the NSI is 0.35 (see Table S4).
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The second scenario adds the effect of average exposure to income composition on the transition probabilities using wk = 0.5. The probabilities of being in the same income group of their
parents (diagonal) increase about 4 percentage points, while county’s resources generate more
variability in the probabilities outside the diagonal, although differences are not bigger than 1 percentage point. Interestingly, the NSI increases as the probability of being in the same income
group of the previous generation is higher. In other words, the NSI might change independently of
the parameters of residential mobility and only due to changes in the transition matrix. The overall rank-rank slope increases, while the average of county’s rank-rank slopes is closer to 0 with
a slightly higher standard deviation (0.06, SD = 0.09). The second scenario generates a higher
number of counties with a small or negative rank-rank slope (see Figure S6) as counties become
relatively more homogeneous (higher NSI and lower variability of income within counties).
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Table S4: Summary statistics income generation verification by scenario (30 replicates)

Scenario

NSI

Gini

Rank-rank slope

County’s rank-rank Slope

County’s rank-rank Slope SD

Avg. Population

1

0.35

0.47

0.13

0.12

0.08

8079.50

2

0.40

0.47

0.16

0.06

0.09

8097.60

3

0.38

0.46

0.31

0.28

0.11

7994.60
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Figure S6: County’s rank-rank slope distribution (simulated)
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Finally, the transition probabilities are defined exogenously by sampling the commuting zone’s
transition matrices estimated by Chetty et al. (2014). The transition matrix I3 is similar to the
overall transition matrix estimated by Chetty et al. (2014) (see Equation 2 in the paper). The NSI
is 0.38, and the overall rank-rank slope is slightly higher (0.31) than the the average of county’s
rank-rank slopes (0.28, SE = 0.11). As the observed rank-rank slope distribution in Figure 2 (in the
paper), most of the county’s rank-rank slopes are positive (Figure S6). The NSI is similar to the
second scenario, but mostly due to an increase in the probability of the transition matrix diagonal
for the lowest and the highest quintile rather than a higher overall county homogeneity. Indeed, the
standard deviation of the variability of the income distribution within counties is higher than what
we observe in iterations one and two.

Smoking
MIA defines the smoking status of agents at age 30 using Equation 4 in the paper. To assess the
absolute magnitude of the effect of income mobility on life expectancy, we calibrated the smoking
prevalence by income quintile so that the proportion of smokers matches the proportions observed
in NHIS 2019 when the income mobility coefficient βsimob is higher than zero. Table S5 displays
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the smoking prevalence by income quintile. When βsimob is equal to the effect estimated by Daza
and Palloni (2021) (MIA treatment), the proportion of smokers increases by 5 percentage points
with respect to the counterfactual where βsimob = 0. The distribution of the column MIA treatment
is pretty close to the empirical distribution estimated using NHIS 2019. The effect of smoking on
mortality also generates life expectancy differences that are about 10 years on average (10.9). As
expected, those differences are practically the same across income groups.

Table S5: Proportion smoking by income quintile
Income group

NHIS 2019

MIA Counterfactual

MIA Treatment

1

0.29

0.21

0.28

2

0.22

0.15

0.22

3

0.16

0.09

0.13

4

0.11

0.07

0.10

5

0.05

0.03

0.04

Total

0.17

0.10

0.15

NHIS 2019 = 10,338 respondents ages 30-50. MIA counterfactual = 8407 agents (30
replicates), MIA treatment = 8226 agents (30 replicates).

Measurement
We verified rank-rank slope, NSI, Gini coefficient, life expectancy were measured correctly by exporting data generated by MIA, and recomputing those statistics using raw data outside Anylogic.
The measurement of the county’s rank-rank slopes and life expectancies was implemented using
moving cohorts (i.e., similar to moving averages), so that we have enough data records to estimate
these values every t number of years. While Figure S7 displays how MIA record information at the
agent level, Figure S8 shows the size’s distribution of the cohorts used to estimate both rank-rank
slopes, and life expectancy.
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Figure S7: Agent’s measurement diagram
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Figure S8: Cohort size to estimate county’s rank-rank slope and life expectancy (30 replicates)
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