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Abstract

In this paper we quantify effect of migration on health using a potential outco-
mes framework design that exploits exogenous impacts of floods on migration.
We focus on six often-used measurements of physical and general health that
are potentially modifiable over short periods of time. We construct a latent
class model of the joint probabilities of the six health measures in which indivi-
duals are assumed to belong to one of a small number of (latent) health-types
or classes. The class probabilities are modeled as being individual-specific.
We estimate the model using data from the Indonesian Family Life Survey, an
ongoing longitudinal survey of households and individuals in Indonesia. We
find that migration last year has no effect on health, and that individuals who
migrated two or more years ago as a result of a flood are 20 percent more
likely to be in poor health than their non-migrant counterparts.
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1 Introduction

The United Nations estimates that in 2010 over 200 million people were living outside
of their country of birth. Nearly four times as many people — almost 750 million
— were internal migrants, relocating to other regions of their home country (UNDP,
2009). Lifetime internal migration estimates for developed countries show that some
255 million people live of outside their region of birth; nearly twice as many people
— 505 million — migrated in the developing world (?). Furthermore, these numbers
are expected to rise reflecting increases in future voluntary migration and involuntary
displacement.

Migration has important implications for human development. On a macroeco-
nomic level, integrating an increasing number of migrants may present social and
economic challenges for governments and policy-makers in both developing and deve-
loped countries, however, the developing countries will face a greater difficulty since
the number of migrants within developing countries is large and available resources
are relatively scarce. Mohapatra et al. (2010) identify a number of social and econo-
mic challenges facing developing and developed countries as they try to integrate an
ever increasing number of migrants. These include increased income inequality bet-
ween migrant-sending and -receiving regions, higher burden on public services, stiffer
job competition, and social tensions in migrant-receiving communities.

On the microeconomic side, individuals and households will likely encounter pro-
blems adopting to their new surroundings. Abbas and Varma (2014) discuss indi-
vidual challenges, namely restricted access of recent migrants to housing, financial
services and social programs. Further, the authors note that cultural and linguis-
tic differences between sending and receiving regions may lead to harassment and
political exclusion of migrants.

One important aspect of migrant well-being is migrants’ health. Good health
is crucial for the ability to successfully adjust to new surroundings and become a
productive member of society in a destination community. Therefore, if migrants have
specialized health needs compared to natives at destination locations, understanding
health consequences of migration is important to migrants, health professionals, and
policy makers alike.

There is a long established, but relatively sparse literature on the effect of mi-
gration on health. This literature primarily addresses questions of post-migration
adaptation and the role of remittances in health outcomes of migrants’ family mem-
bers that remain in the origin communities. Only a handful of studies look at the
effects of relocation on physical health of migrants. To a large extent this lack of
scholarly research has to do with data limitations (Massey et al. (2010); Schenker
et al. (2014)).

Studies that do focus on physical health usually look at a limited number of very
specific measures of health and find that there are ambiguous effects of migration on
health. Depending on measures (health outcomes) used, migration can have positive,
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negative or no effect on health at all. For example, in one paper, Lu (2010) finds
that health of the same individuals may improve, deteriorate, or remain unchanged
depending on how the author measures health.1

In addition, health selectivity of migrants — a hypothesis stating that individu-
als with higher initial stock of health are more likely to become migrants that is
addressed in the healthy migrant literature — often masks potentially large nega-
tive effects of migration-correlated stressors, such as loss of familiar network, harsh
working conditions, and environmental pressure on migrants’ physical health.2

Health status, however, is a complex conceptual construct. Its measurements
are inherently multidimensional with broad classifications being along physical and
mental health dimensions as well as biological measurement, physical impairment,
and self-perceived status dimensions. Even within each of those dimensions, there
are numerous measurements of health status, some substitutes, others complements
for each other. Therefore, it is not surprising that the empirical evidence on the
effects of migration on health is mixed.

Previous studies suggest several reasons why migration may lead to changes in mi-
grants’ health. First, lack of familiarity with health systems in destination locations
may result in limited access to health care services even in absence of legal restrictions,
thus leading to health deterioration (Norredam, 2011). Second, health care profes-
sionals are often unaware of specific health needs of migrants, thus delaying proper
diagnosis and treatment of migrant-specific ailments, which also adversely affects
migrants’ health (Hansen and Donohoe, 2003). Lastly, stress associated with accul-
turation and adaptation to destination lifestyle often leads to uptake in unhealthy
behaviors such as smoking and unhealthy diet (Renzaho and Burns (2006); Bosdriesz
et al. (2013)). On the other hand, increased income and wealth may have positive
effect on migrants’ health (LaLonde and Topel (1997); McKenzie et al. (2006)).3

In this paper, we quantify the effect of migration on physical health. We account
for potential selectivity of health in migration using a potential outcomes framework
of Athey and Imbens (2006) to disentangle health-selectivity of migrants from causal
effects of migration. We use data on six measurements of physical and general health
that are potentially modifiable over short periods of time (e.g., less than five years).
These variables are all included in the “Global Reference List of Core Health Indica-
tors” published by the World Health Organization (2015), a universal list of indicators
“prioritized by the global community to provide concise information on the health
situation and trends, including responses at national and global levels”.4 These six

1Lu (2010) is just one example of many with similar approach and findings. See Kasl and Berkman
(1983), McKay et al. (2003), Lassetter and Callister (2009), and Vearey and Wheeler (2010) for a
comprehensive literature review.

2Pre-migration health selectivity is well documented in literature on “healthy migrant hypothe-
sis”. For more recent examples, see Rubalcava et al. (2008) and Lu (2010).

3Also see Goldman et al. (2014) for extended discussion.
4http://apps.who.int/iris/bitstream/10665/173589/1/WHO_HIS_HSI_2015.3_eng.pdf?

ua=1
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measures have well defined clinical cutoffs and are widely used in epidemiological and
health economics studies.

We depart from the existing literature on the effects of migration on health in
the way we model health outcomes. In order to preserve the richness of health in-
formation available in the data and to allow for potential correlation among different
measures of health of the same individual, we assign individuals to two health classes
— “good” and “poor” health — using Grade of Membership framework of Manton
and Woodbury (1982) that allows for estimation of probability an individual is “he-
althy” given the individual’s health measures as well as other individual, household,
and community characteristics. In doing so, we are able to quantify the effect of
migration on a more comprehensive measure of health.

We construct a latent class model of the joint probabilities of the six health mea-
sures in which individuals are assumed to belong to one of a small number of (latent)
health-types or classes. Thus, our model acknowledges the commonalities of the mea-
surements while allowing for potential substitutability. Each latent class is associated
with a probability and these class probabilities sum to one over the latent classes. The
class probabilities are modeled as being individual-specific; i.e., they are functions of
individual characteristics. This latent class model is closely related to the Grade of
Membership (GoM) model of Manton and Woodbury (1982).

While the GoM method is similar to other data reduction models, such as Factor
Analysis, Principle Components Analysis, and Multiple Indicator, Multiple Cause,
this method is non-parametric; it does not rely on underlying distributional assump-
tions regarding individuals’ health when assigning individuals into health classes.
Furthermore, GoM method takes into account individual heterogeneity when assig-
ning respondents into discrete groups. This methodology allows for partial members-
hip along different health dimensions, constructing a proximity measure between an
respondent and a pure health type. Since only few people can be classified as perfectly
healthy or completely unhealthy, GoM methodology offers additional advantages over
other data reduction models (Portrait et al., 1999).

In order to reduce concerns about voluntary nature of migration, we incorporate
recent local floods in potential outcomes framework of Athey and Imbens (2006) into
our model. The vector of covariates in the class probability equation includes indica-
tors for whether an individual migrated in the recent past, indicators for whether an
individual was affected by a flood in the recent past, and interactions of migration
and flood indicators. The coefficients on migration indicators account for possible
self-selection into migration based on pre-migration health status. The indicators
for floods account for possible health effects of exposure to floods. The interaction
variables compare migrants who were pushed to migrate because of a recent flood to
individuals who migrated from communities not affected by floods, and those who did
not migrate at all. Thus, the coefficients on the interaction terms have a difference-
in-difference interpretation (Athey and Imbens (2006); Puhani (2012)).

Confidence in the causal interpretation of the interaction of migration status and
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exposure to floods is based on two features of floods, combined with our focus on phy-
sical aspects of human health. First, conditional on geographic characteristics of each
location, the timing of floods is essentially random. Second, while research indicates
that there are some effects of floods on physical health of survivors, namely incre-
ase in diarrheal disease, mosquito-borne diseases, and upper respiratory infections,
these effects are short lived (Ahern et al. (2005); Morgan et al. (2005)). Therefore,
we can assume that floods don’t have a long lasting impact on individuals’ physical
health. On the other hand, recent floods in origin communities do have an effect on
subsequent migration probability (Kuhn, 2005).

We estimate our model using data from Indonesia. We select Indonesia because
of its large population size, high rates of internal migration, geographic and social
diversity, and high prevalence of flood events.5 We use the Indonesian Family Life
Survey (IFLS), an ongoing longitudinal survey of households and individuals in In-
donesia, representative of 83% of population of the country. Since its inception in
1993, this survey has been used in several hundred peer-reviewed papers.6 IFLS is
unique in the way it treats migrants. It is designed to locate migrants following a
move, thus greatly reducing migration-related sample attrition and allowing us to
compare health of migrants and non-migrants. Most other surveys do not track down
migrants, thus limiting researchers’ ability to investigate the effects of migration on
health.

We find evidence that migration negatively affects health, and this effect becomes
pronounced two or more years following a move. Migrating two or more years ago
as a consequence of a flood increases the probability of being in poor health by 12
percentage points, an increase of nearly 20%, comparable to a loss of an average of
five years of life.7 Migration a year ago has a small and statistically insignificant effect
on the probability of being in poor health.

The remainder of the paper is structured as follows. Section 2 presents back-
ground on Indonesia, an overview of the data, and summary statistics. Methodology
is described in section 3. Section 4 presents results and section 5 concludes.

2 Background and Data

Indonesia, a former Dutch colony, is the fourth most populous country in the world,
located in Southeast Asia.8 The country is an archipelago consisting of over 17,500

5An estimated 10% of population of Indonesia (about 23 million people) are internal migrants (?
and Lu (2008)); floods are the most common natural disasters in Indonesia, accounting for 70% of
all natural disasters (?).

6http://www.rand.org/labor/FLS/IFLS.html
7http://www.who.int/gho/countries/idn.pdf
8Here and further the background information on Indonesia is provided by the CIA World

Fact Book last accessed on May 1, 2016 at https://www.cia.gov/library/publications/

the-world-factbook/geos/print/country/countrypdf_id.pdf
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islands, of which about 6,000 are inhibited by some 300 ethnic groups speaking more
than 700 different languages.

Indonesia is subdivided into 34 provinces and special regions consisting of regencies
(Kabupaten). Each Kabupaten is further subdivided into districts (Kecamatan), which
are further divided into villages and urban communities (Desa). Indonesia is a lower
middle income country. GDP per capita, adjusted to purchasing power parity, is
$5,200, which places Indonesia 158th in the world countries’ rating. Almost 40% of
the labor force is employed in agriculture, with agriculture share of GDP at 14%.

Health care in Indonesia is provided by a combination of public and private cli-
nics as well as NGOs. Until 2014 Indonesia did not have universal health coverage;
individuals were left to purchase health insurance independently with a limited pu-
blic provision for the poorest. Average life expectancy at birth between 1993 and
2007 was 67 years, total annual per capita health expenditure during the same pe-
riod was around $25 US. Cardio-vascular diseases, lower respiratory infections, and
chronic obstructive pulmonary disease account for nearly half of all death with stroke
— the leading cause of death — claiming 21%.9. Hypertension and obesity are fairly
common: 30% of Indonesians have raised blood pressure, over 25% are overweight or
obese.10

Additionally, major health risks come from waterborne and vectorborne diseases:
bacterial diarrhea, hepatitis A, typhoid fever, dengue fever, and malaria. All of these
diseases can, to some extent, be associated with recent floods (?). The most common
natural hazards threatening inhabitants of Indonesian islands are floods, droughts,
tsunamis, earthquakes, volcanic eruptions and forest fires.11 In addition, Indonesians
are exposed to environmental issues of water and air pollution in urban areas, and
smoke and haze from forest fires.

In this study, we use the Indonesian Family Life Survey (IFLS), a periodic panel
survey administered by RAND. There are currently four waves available, spanning
years 1993–2007. The sample spreads across 13 of 32 provinces in Indonesia, but
represents about 83% of population at the survey onset. The 1993 wave has over
33,000 people living in 7,224 households in 312 sample communities. The sample
grows to over 50,000 people in 13,536 households by 2007.12 Recontact rate in each
wave of the the survey is over 90%.

9https://www.cdc.gov/globalhealth/countries/indonesia/

http://www.who.int/gho/countries/idn.pdf
10http://www.who.int/nmh/countries/idn_en.pdf

http://www.genre.com/knowledge/publications/uwfocus14-2-cheong-en.html
11EM-DAT: The OFDA/CRED International Disaster Database reports 62 major flood events in

Indonesia during the period of 1993–2007. 4,690,805 individuals are estimated to have been affected
by floods, with 2,985 dying as a result of a flood (0.064% of those affected). www.em-dat.net —
Universit Catholique de Louvain — Brussels — Belgium.

12Sample grows because survey respondents marry partners that were initially out of sample. In
addition, those sample household members who were under the age of 12 during initial sampling
enter the following waves if old enough.

7

https://www.cdc.gov/globalhealth/countries/indonesia/
http://www.who.int/gho/countries/idn.pdf
http://www.who.int/nmh/countries/idn_en.pdf
http://www.genre.com/knowledge/publications/uwfocus14-2-cheong-en.html


The unique feature of this dataset is that it provides detailed retrospective mi-
gration histories for all respondents age 12 and older, as well as a very high precision
of post-migration follow-ups. This greatly reduces attrition due to out-migration and
allows us to investigate the effects of migration to communities that are not in the
IFLS sample on post-migration health. Average migration rate of all respondents age
15 and older in the IFLS is 6.25%, which is nearly identical to the rate found by Gray
et al. (2009) using different data sources from Indonesia.

We build a person-year panel, spanning all sixteen years of the survey. There
are over 26,000 migration instances during the survey years, 1.2% of which are out
of a community that has experienced a flood in the previous calendar year.13 We
restrict our sample to adults of ages 15 to 65. Furthermore, once we take into account
information on between sample year migrations and their relationship to flood events,
we focus on the years of the last three waves of the survey for which we have exact
measurements of health variables. This results in an unbalanced panel of over seventy
thousand person-wave observations.

Health of respondents is measured only at survey years. Children of sample hou-
sehold and individuals that enter the sample between two waves do not have previous
health measures. For this reason, and to avoid sample attrition, we use only one he-
alth measurement per respondent. The study design described below allows us to look
at a “cross-section” of health outcomes and draw inferences regarding between-wave
health changes using potential outcomes framework of Athey and Imbens (2006).

2.1 Measurement of health variables

We construct six dichotomous measures of health based on body mass index, systolic
and diastolic blood pressure, hemoglobin count, peak expiratory flow rate measuring
lung capacity, health status as reported by the interviewer, and self-reported health
status. We select cutoffs to distinguish normal health from poor health based on com-
monly used clinical values. Specifically, we classify individuals as overweight if their
BMI is 25 kg/m2 or above.14 Almost 20% of total sample are individuals who are
overweight or obese, as defined by BMI of at least 30 kg/m2. Hypertension is defined
as per American Medical Association, with abnormal values of systolic blood pressure
of at least 130, diastolic blood pressure of at least 90. Nearly half of the individuals in
the sample have hypertension. Lung capacity depends on an individual’s gender, age,
and height; functional deficiency is defined as having a lung capacity that is below
80% of group-specific normal function (Roberts and Mapel, 2012). 20% of sampled
individuals have low lung capacity. Normal hemoglobin levels are gender specific. Na-

13Table 1 presents detailed summary of natural disasters affecting Indonesia between 1993 and
2007. Floods are the most common natural disasters, affecting most people and causing most
damages excluding the 2004 Indian Ocean tsunami.

14Only a small proportion of the sample is underweight; those individuals are included in the
normal weight group.
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tional Heart, Lung, and Blood Institute states that normal cutoffs are at least 12 g/dl
for women and at least 13.5 g/dl for men. Nearly 30% of sampled individuals have
low hemoglobin. Two additional measures are based on self-reported health status
and on interviewers’ observations about the respondents. 12% of respondents say the
are unhealthy, while interviewers report nearly 30% of respondents being less healthy
than the comparison group. Summary statistics of these variables by survey year are
shown in Table 2. In addition, Figure 1 shows rates of these poor health indicators
by migrant status and exposure to floods.

2.2 Measurement of migration and exposure to floods

We define two indicators of migration status – whether a person migrated in the year
before the survey, and whether a person migrated two or more years before the survey.
We also define two indicators of exposure to floods – whether a person was exposed to
a flood two years prior to the survey, and whether a flood exposure occurred three or
more years prior to the survey. The indicator for migration a year prior is interacted
with exposure to a flood two years ago. The indicators for migration two or more
years prior is interacted with exposure to a flood three or more years ago.

Figure 2 shows relationship between flood occurrences and flood-related migrati-
ons. Blue bars in both panels correspond to number of communities that experienced
floods at any given year. In most years, 3–5% of sample communities experience a
flood. The orange line in the left panel shows percent of all migrants that left a com-
munity that experienced a flood in the year prior to migration. For example, about
3% of all migrants in 1996 left a community that had a flood in 1995. The orange line
in the right panel shows similar statistics, but for migrants leaving a community that
experienced a flood two or more years prior to migration. There is a clear correlation
between number of communities experiencing floods and percent of migrants leaving
flood-affected communities a year later. This correlation is much weaker two or more
years following a flood.15

2.3 Other controls

Additional controls include socio-economic measures for individuals and households
that are generally associated with migration: age, gender, level of education, marital
status, and level of household wealth proxied by house ownership. We also include
controls for original community location and other community characteristics: an
indicator for urban and shore status of the community, its population size, distance
to post office, and proportion of community population with access to telephones.

On average, migrants are younger and better educated than non-migrants. Mi-
grants are more often male and not married, coming from households that are less

15Correlation values are 0.67 for the left panel, 0.15 for the right panel.
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likely to own a house. While there is virtually no difference between proportion of
migrants and non-migrants in urban and shore locations, floods are somewhat more
likely to hit urban areas and areas located on shores. Flood and non-flood commu-
nities are very similar along other dimensions. Tables 3 and 4 show these and other
mean characteristics by migrant and flood status, and by survey year respectively.

3 Methods

3.1 Treatment effects in nonlinear potential outcomes mo-
dels

Consider a design in which there is a binary migration indicator M (with M = 1
denoting the treatment group), a binary flood indicator F (with F = 1 denoting
exposure to a flood) and X denoting a set of control covariates. Then, using the
potential outcomes framework, Athey and Imbens (2006) show that under assumpti-
ons of flood exogeneity and potential migrant self-selectivity the treatment effect in
a potential outcomes model can be written as

τ = E[π1|F = 1,M = 1, X]− E[π0|F = 1,M = 1, X],

where π1 and π0 denote the potential outcomes with and without treatment respecti-
vely.16 Envision π as a latent measure of the likelihood of poor health, determined
by a latent class model described below. In a nonlinear model parameterized with a
linear index of covariates and parameters such that

E[π|F,M,X] = f (β1F + β2M + β3FM +Xθ) ,

Puhani (2012) shows that when FM = 0,

E[π0|F = 1,M = 1, X] = f (β1 + β2 +Xθ)

and
E[π1|F = 1,M = 1, X] = f (β1 + β2 + β3FM +Xθ) ,

when FM = 1, so that the sign of τ is the same as the sign of β3. Therefore, one
can assess whether a treatment effect exists (and is statistically significant) by exa-
mining the coefficient on the interaction term in the regression specification, similar
to treatment effect interpretation in difference-in-difference (DiD) models. In this
framework, the treatment effect is given by

τ = f (β1F + β2M + β3FM +Xθ)− f (β1 + β2 +Xθ) .
16Consider a population in which individuals can be described as migrant and non-migrant types

that could be affected by a flood. Then, look at health of migrants, compared to non-migrants, in
absence of treatment, the floods. Assuming that the same would hold for those in treatment group
had they not been affected by a flood, estimate the counterfactual outcome distribution for treated
and compare the estimated counterfactual distribution to the actual distribution to tease out the
effect of migration on subsequent health using floods to reduce concerns about migrant selectivity.
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3.2 A Latent Class Model

We begin with a set of observed outcomes that describe an underlying health concept.
Each particular outcome is not sufficient to fully describe the underlying concept. Ho-
wever, taken together these variables can better summarize all available information
about an individual’s unobserved health. The method adopted here is closely related
to the Grade of Membership (GoM) model of Manton and Woodbury (1982) and is
a nonparametric characterization of the latent construct. It allows for partial parti-
cipation of an individual in each of the outcomes, recognizing that individuals can
have different health conditions.

Following Portrait et al. (1999), consider a set ofK binary indicators, {yi1, yi2, ..., yiK},
that are the observed measurements of a common latent construct. Each of these
measurements only partially characterizes the latent construct; in fact, all the the
measurements, taken together, need not fully characterize the construct. yik = 1 if
a respondent i has a condition k and yik = 0 otherwise. An individual that exhibits
only symptoms of a single condition would be a “pure type”, using the language of
the GoM model. We can measure the extent of proximity of each respondent to the
pure types using weights that are constrained to fall between 0 and 1 and sum to 1
over all profiles; the respondents’ health conditions are then represented by a convex
combination of the pure type profiles. Associated with each of these binary indica-
tors is a probability that an individual i exhibits symptoms of a health condition k,
pik = Pr(yik = 1) and the joint probability associated with a higher value of the

latent construct is given by
K∏
k=1

pik.

A very general latent class model can be specified as follows. Suppose that there
are C classes (types) of individuals, with associated measurement probabilities given
by pcik for c = 1, 2, ..., C and πci is the probability that an individual i belongs to

class c with
C∑
c=1

πci = 1.

Assume that the measurement probabilities are constant across individuals in a
given class, i.e., pcik = pck and let

πci = ΛM (β0c + β1cFi + β2cMi + β3cFiMi +Xiθc)

where ΛM denotes the multinomial logit function. Let c = 1 be the baseline (omitted)
category without loss of generality. Although this model is not completely general, it
is considerably more parsimonious than the grade of membership model and gives us
the ability to understand the determinants of the distribution of class probabilities
within the context of the model.17

17The estimated mixing probabilities in the grade of membership model can be used as the depen-
dent variable in an auxiliary regression analysis to understand its determinants but this approach
has all of the inherent issues in multi-step modeling procedures.
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The contribution of an individual i to the likelihood function is

Li =
C∑
c=1

πci

K∏
k=1

pck

and the overall log likelihood is

lnL =
N∑
i=1

ln

(
C∑
c=1

πci

K∏
k=1

pck

)

We estimate this model using maximum likelihood. Standard errors are adjusted for
clustering at the household level.

3.3 Specification of Model and Treatment Effects

To be more precise, we specify the class probability function as

πci = ΛM

(
β0c + β1cF

t−2
i + β2cF

t−3
i + β3cM

t−1
i + β4cM

t−2
i

+β5cF
t−2
i M t−1

i + β6cF
t−3
i M t−2

i +Xiθc
)

where M t−1
i = 1 denotes that migration occurred last year, M t−2

i = 1 denotes migra-
tion occurred two or more years ago (but after the previous wave of data collection),
F t−2
i = 1 denotes that the individual was exposed to a flood two years ago, F t−3

i = 1
denotes that the individual was exposed to a flood three or more years ago. In our
empirical analysis, we find that the distribution of health status can be adequately
described with two latent classes, so ΛM specializes to a logit function Λ. The tre-
atment effects, measured as changes in the probability of being in class 2 are given
by

τ1 = Λ (β02 + β12 + β32 + β52 +Xiθ2)− Λ (β02 + β12 + β32 +Xiθ2)

and
τ2 = Λ (β02 + β22 + β42 + β62 +Xiθ2)− Λ (β02 + β22 + β42 +Xiθ2)

3.4 Mundlak fixed effects

In most nonlinear models, as in our latent class model, it is not possible to “sweep
out” unobserved group-level characteristics using the usual fixed effects time diffe-
rencing technique, a within transformation, as one would in the linear model and
some nonlinear models. Mundlak (1978) and Chamberlain (1984) note that, in the
linear regression model, the fixed-effects (within) estimator produces the same coeffi-
cients as an OLS estimator in which the set of regressors includes group-level means
of all the individual-level covariates in the regression specification. Taking this idea,
they suggest that including group-level means as covariates in nonlinear models could
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ameliorate confounding caused by group-level characteristics. Therefore, in order to
control for group-level fixed effects, in addition to estimating a latent class model that
includes no group-level controls, we estimate versions of the model with two sets of
group-level covariates: first with household-level means, and second with region-level
(Kabupaten) means.

3.5 Alternative specifications

In order to compare our results to those in the previous literature, we estimate several
alternative model specifications. First, we estimate a set of six potential outcomes
logit specifications, one for each of the six binary health measures used in the la-
tent class model. We then allow for correlation of various health measures for an
individual, estimating a multivariate probit model with the same health measures.
Last, but not least, we estimate a control function specification in order to control
for migration selectivity.18

4 Results

Table 7 presents coefficients from the two class grade of membership model under
a naive assumption that individuals do not self-select into migration based on their
health. Since we assume no selection, we do not include flood terms and flood-
migration interaction terms that are present in our main specification in order to
ameliorate the selectivity problem. Standard errors are clustered on household level.
The first column presents results of a specification that includes a full set of individual,
household and community characteristics only. Second and third columns show results
of specifications that include household- and region (Kabupaten)-level Mundlak terms
respectively.

All individual-, household- and community-level controls shown in Table 7 have
expected signs and significance. Older individuals are more likely to be in poor
health as are residents of large and urban communities. Wealthier and more educated
householders are more likely to be healthier. However, migration on its own is not
a significant predictor of subsequent health. The estimated posterior probability of
being in class 2 is slightly above 0.4, regardless of specification. The joint probability
of being in poor health given membership in class 2 is almost 45 times that of the
joint probability of being in poor health given membership in class 1. In addition,
Figure 3 shows that each of the individual measures of poor health are more likely to

18Control function method is less reliable than the DiD specification described above. Due to non-
linearity of the second stage regression and issues of timing of migration relative to flood measures
and health measures, this specification produces noisy estimates. The results of the control function
specification are not significant, but are similar in direction and magnitude to those of the DiD
specification. For this reason, the DiD method is preferred, since results of the two estimations are
comparable. Results the control function specification are omitted to conserve space.
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be observed among individuals a posteriori assigned to class 2. Therefore, we label
class 2 as “poor health”.

Table 8 presents coefficients and summary statistics of our main latent class model
estimation. The first specification includes a full set of individual characteristics.
The second and third specifications include household- and region (Kabupaten)-level
Mundlak terms. As before, standard errors are clustered on household level. The
estimated posterior probability of being in class 2 is approximately 0.4, regardless
of specification. The joint probability of being in poor health given membership in
class 2 is about 45 times that of the joint probability of being in poor health given
membership in class 1. The coefficients on the interaction terms in Table 8 show that
migration last year has no effect on health, and that individuals who migrated two
or more years ago are significantly more likely to be in poor health as a result of the
migration.

The top panel of Figure 4 shows the predicted probabilities for three groups, those
who did not migrate because of a flood, those who migrated a year ago because of
a flood and those who migrated two or more years ago because of a flood. The
bottom panel shows the associated marginal effects of migration because of a flood.
Migrating two or more years ago as a consequence of a flood increases the probability
of being in poor health by 12 percentage points. Migration a year ago has a small
and statistically insignificant effect on the probability on being in poor health.

We find no evidence of the healthy migrant effect. The coefficients on migration
are, across the board, statistically insignificant and small. This finding is consistent
with Rubalcava et al. (2008), who find limited evidence for health selection among
Mexican migrants to the United States. There is, however, a substantial effect of
recent floods on health. Individuals exposed to recent floods are more likely to be in
poor health.

Turning to other covariates in the model, men, individuals with higher education
and those who own a house are less likely to be in poor health. In contrast older
people are more likely to be in poor health. Individuals who live in large towns and
cities (Desa), and urban areas are more likely to be in poor health. These findings
are consistent with results from literature on adult health.

4.1 Robustness checks

Table 9 presents results of several robustness checks. All four specifications include
region (Kabupaten)-level Mundlak terms and standard errors are clustered on hou-
sehold level. Column 1 presents specification that includes age-squared term. The
results are as predicted by theory. Age-squared term is significant and the sign is
opposite of that of the age term. Individual who migrated two or more years ago
following a flood are more likely to be unhealthy. Floods last year positively affect
the probability of being in poor health. Floods two or more years ago are significant
at 10%. Males and wealthier individuals are less likely to be unhealthy, while older
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people and residents of large communities have lower probability of being in good
health.

Column 2 of Table 9 shows results of specification that includes only adults be-
tween ages 20 and 65. All coefficients are similar in sign and significance to those
presented in column 1. Column 3 of Table 9 presents results of estimation for adults
ages 20 to 60 to check whether the results are driven by presence of elderly individuals
in the sample. Results are across the board similar to those discussed before. Esti-
mation of specification for females only is presented in column 4 of Table 9. Women
who migrated two or more years ago as a result of a flood, those who are older and
are residents of larger communities are more likely to be unhealthy.

Specification shown in Table 10 includes interaction terms of age with migration-
flood interactions to control for possible differential effect of flood-induced migration
on individuals of different ages. Migration following a flood does not affect the pro-
bability of being in poor health, however individuals who migrated two or more years
ago following a flood are more likely to be in poor health. Floods a year ago have a
positive and significant effect on probability of being in poor health. Males and youn-
ger respondents are more likely to be healthier, as are more educated and wealthier
individuals. The interaction term is only significant for flood-induced migration that
happened a year ago. Interaction two or more years after a flood-induced migration
is not significant.

4.2 Alternative specifications

4.2.1 Logit specification

Table 5.A presents key coefficients from a set of descriptive potential outcomes logit
regressions for each of the six measures of poor health status. All specifications include
a full set of individual characteristics. In addition, the specification in 5.B includes
household-level Mudlak terms; the specification in 5.C includes region (Kabupaten)-
level Mundlak terms. In all cases, standard errors are clustered on household level.
The results show that there are small, sometimes positive and sometimes negative,
and statistically insignificant treatment effects of migration last year. The coefficients
on migration 2 or more years ago interacted with flood exposure are always positive
and relatively large, but not statistically significant in most cases. Migration 2 or
more years ago (interacted with flood exposure) makes hypertension significantly
more likely. The consistent positive signs on the treatment coefficients on migration
2 or more years ago are suggestive, however, that migration may lead to poor health.

4.2.2 Multivariate probit specification

Table 6.A presents key coefficients from a set of multivariate probit regressions. As
before, all specifications include a full set of individual characteristics. In addition, the
specification in 6.B includes household-level Mudlak terms; the specification in 6.C

15



includes region (Kabupaten)-level Mundlak terms and standard errors are clustered on
household level. Results are similar to those from a set of logit regressions presented
in Tables 5.A—5.C and described above. Note that in addition to hypertension, now
migration 2 or more years ago (interacted with flood exposure) significantly increases
probability an individual has high BMI. The signs on the treatment coefficients on
migration 2 or more years ago are still positive, again suggesting that migration may
lead to poor health.

4.3 Discussion

One possible channel that explains such deterioration of health is change in socio-
economic surroundings of migrants. Khan and Kraemer (2014) state that migrants
are more likely to smoke, which in turn can cause decreased lung capacity and ot-
her diseases generally associated with smoking. Change in diet is another channel
that can adversely influence health. Renzaho and Burns (2006) show that migrants
from sub-Saharan Africa to Australia increase consumption of takeaway food, e.g.
Pizza Hut and McDonalds, and this increase in high-fat high-calorie consumption is
generally associated with increase in body weight. Finally, impaired access to he-
alth care and lack of awareness of specialized health needs of migrants among health
professionals lead to late diagnosis and inappropriate treatment of migrant-specific
ailments (Hansen and Donohoe, 2003). More generally, literature on international
migration show that health and health behavior of immigrants deteriorate with du-
ration of stay abroad (Abdaido-Lanza et al. (2005); Lara et al. (2005)). Applied to
domestic migrants, this would further explain cumulative negative effect of migration
on health.

In order to shed some light on reasons why health of migrants deteriorates even
though fewer people move following floods, we compare health of migrants and non-
migrants by flood status, gender, age and other socio-economic characteristics. Figure
1 presents a break-down of rates of low health by migrant status and flood status. In
addition, we run a series of t-tests to evaluate whether migrants and non-migrants,
disaggregated by flood exposure status, have similar health outcomes.19 The results
are presented in Tables 11.A—11.F.

Column 1 of Tables 11.A—11.F presents results of the t-tests for equality of means
of health indicators by migrant status. Looking at post-exposure health, migrants who
moved following floods are no different from those who stayed in affected communities
along all six health dimensions. However, those who were not exposed to floods differ
in health outcomes by migrant status. Migrants are less likely to have high BMI,
hypertension, low peak expiratory flow rate, and low hemoglobin.

We further disaggregate our sample to look at health outcomes of migrants and
non-migrants by flood status and gender. The results of t-tests for the equality of
means for male and female migrants and non-migrants potentially exposed to floods

19We allow for variances to differ by group.
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are presented in column 2 of Table 11. Health outcomes of migrants that have been
exposed to floods do not vary by gender. However, there is gender difference among
migrants that have not been exposed to floods. Men are less likely to be unhealthy
along all dimensions except hypertension.

Column 3 of Table 11 shows results of t-tests for mean age difference of migrants
that were exposed to floods and those that were not. While there is still no difference
in health outcomes for the individuals that were exposed to floods, among the re-
spondents that were not exposed, younger migrants are less likely to have high BMI
and hypertension. One important observation is that among migrants that were not
exposed to floods, younger individuals are less likely to report low self-rated health
status. This could be interpreted as further evidence to support health selectivity in
migration, underlining the importance of correcting for such selectivity.

Finally, we run one last series of t-tests, looking at migrant-sending summaries by
household wealth, proxied here by ownership of a house. Individuals leaving wealthier
households in presence of floods are no different in health outcomes from individuals
leaving households that do not own their houses. However, in absence of floods,
individuals leaving wealthier households are less likely to be overweight, but more
likely to have low hemoglobin or appear to be less healthy to interviewers. One
interpretation is that households that have higher wealth could afford to send out
more migrants, even the ones that are on average less healthy. When households lose
part of their wealth to floods, they can no longer send out migrants, thus rendering
no difference in migrant-sending behavior among all households.

Overall, evidence presented above indicates that households and communities tend
to send out fewer migrants following floods, in particular retaining younger, healthier
men from wealthier households. The “labor-retention” hypothesis is one theory that
would fit all these facts. Households and communities that typically send out migrants
prefer to keep them at home to help with recovery efforts in the aftermath of floods,
thus increasing labor demand for the exact individuals that would be most likely to
move out in absence of floods.

5 Conclusions

This paper utilizes the GoM method to summarize health as a comprehensive measure
that can be used to study the effects of migration on health. This method was
designed by Manton and Woodbury (1982) for the purpose of categorizing complex
multidimensional health concept, simultaneously identifying underlying dimensions
of health and the degree to which individuals fit each of these dimensions. Using this
method together with the IFLS data, we identify two broad health classes – good and
poor health – and examine the effects of migration on probability of an individual
belonging to poor health class.

We depart from the existing literature on migration and health by simultaneously
addressing the issue of potential migrants’ selectivity on health and treating health
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as multidimensional, as opposed to looking into each health measure separately. We
use data on six available measures of various aspects of health to characterize the
underlying health concept. In doing so, we are able take into account the fact that
an individual’s health cannot be described by a series of dichotomous outcomes.

We show that migration affects comprehensive health in an adverse way, and that
the negative effects of migration on health accumulate over time. While migrants are
as likely to be in poor health as non-migrants a year after a migration, two or more
years later migrants are significantly more likely to be in worse health. Our findings
align with several strands of literature on international migration and the subsequent
health outcomes.

Migration is projected to increase in the coming decades in response, in part, to
climate change (Drabo and Mbaye, 2011) and civil unrest, as is already evident in
Europe and the Middle East. This will put increased pressure on health systems of
destination locations, while subjecting an increasing number of people to migration-
related health risks. Our results highlight the need for migrant-specific health policies
that could help alleviate stress to health care systems of the receiving communities,
and increase productivity and quality of life of migrant populations. Health care pro-
fessionals need be made aware of migrant-specific maladies and appropriate testing
and treatment procedures. Thus, the emphasis should be placed on further under-
standing of the causes of migrants’ health deterioration in order to reduce the health
burden of migration.
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Table 2: Rates of Low Health by Year

1997 2000 2007
Overweight 16 17 24
Hypertension 59 44 41
Low Peak Expiratory Flow Rate 24 18 22
Low Hemoglobin 34 33 22
Low Interviewer-Rated Health 28 27 31
Low Respondent-Rated Health 11 12 13
% of total in each year

Table 3: Mean Characteristics by Migrant and Flood Status

Migrant Never migrant Flood Never flood

migrated last year 0.210 0.000 0.025 0.043
migrated 2+ years ago 0.557 0.000 0.059 0.115
flood last year 0.026 0.043 0.215 0.000
flood 2+ years ago 0.052 0.078 0.396 0.000
male 0.493 0.456 0.438 0.468
age in years 32.489 36.424 37.348 35.308
no schooling 0.022 0.095 0.083 0.081
high school or higher education 0.558 0.368 0.375 0.410
married 0.488 0.514 0.554 0.499
owns a house 0.635 0.836 0.816 0.794
year is 2000 0.343 0.339 0.362 0.335
year is 2007 0.508 0.404 0.358 0.438
log(population in Desa) 8.687 8.620 8.687 8.621
proportion of households in Desa with phone 0.015 0.012 0.015 0.012
log(distance to post office) 1.789 1.794 1.743 1.804
Desa is urban 0.476 0.447 0.544 0.432
Desa is on the shore 0.140 0.152 0.213 0.136
N 10,770 46,529 10,566 46,733
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Table 4: Means Characteristics by Survey Year

1997 2000 2007

migrated last year 0.030 0.046 0.039
migrated 2+ years ago 0.042 0.119 0.128
flood last year 0.048 0.041 0.034
flood 2+ years ago 0.077 0.103 0.046
male 0.444 0.464 0.472
age in years 36.906 35.526 35.127
no school 0.128 0.088 0.049
high school or higher education 0.314 0.383 0.471
married 0.577 0.531 0.454
own a house 0.822 0.805 0.779
log(population in Desa) 8.555 8.682 8.637
proportion of households in Desa with phone 0.006 0.011 0.018
log(distance to post office) 1.156 2.587 1.512
Desa is urban 0.442 0.492 0.427
Desa is on the shore 0.131 0.142 0.167
N 13,581 19,468 24,250
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Table 5: Logit Regressions of Low Health Measures

Table 5.A No group-level controls

overweight hypertension low low low intrvr low respdnt

PEFR hemoglobin rating rating

migrated with flood last year 0.098 -0.140 0.170 -0.004 -0.019 -0.062
(0.318) (0.262) (0.315) (0.288) (0.311) (0.404)

migrated with flood 2+ years ago 0.239 0.480*** 0.249 0.226 0.105 0.022
(0.172) (0.140) (0.196) (0.138) (0.159) (0.202)

Table 5.B Includes household-level controls

overweight hypertension low low low intrvr low respdnt

PEFR hemoglobin rating rating

migrated with flood last year -0.106 -0.132 0.202 0.055 -0.108 0.066
(0.317) (0.272) (0.299) (0.303) (0.314) (0.443)

migrated with flood 2+ years ago 0.234 0.456*** 0.196 0.191 0.002 0.073
(0.154) (0.138) (0.187) (0.152) (0.175) (0.215)

Table 5.C Includes Kabupaten-level controls

overweight hypertension low low low intrvr low respdnt

PEFR hemoglobin rating rating

migrated with flood last year 0.179 -0.169 0.036 -0.083 -0.215 0.025
(0.323) (0.263) (0.330) (0.296) (0.315) (0.411)

migrated with flood 2+ years ago 0.247 0.435*** 0.231 0.237* 0.136 0.136
(0.169) (0.140) (0.203) (0.139) (0.169) (0.199)

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 6: Multivariate Probit Regressions of Low Health Measures

Table 6.A No group-level controls

overweight hypertension low low low intrvr low respdnt

PEFR hemoglobin rating rating

migrated with flood last year 0.024 -0.148 0.131 0.031 0.034 -0.082
(0.175) (0.162) (0.178) (0.162) (0.172) (0.215)

migrated with flood 2+ years ago 0.168* 0.201** 0.075 0.054 -0.019 0.003
(0.088) (0.081) (0.082) (0.081) (0.172) (0.102)

Table 6.B Includes household-level controls

overweight hypertension low low low intrvr low respdnt

PEFR hemoglobin rating rating

migrated with flood last year -0.080 -0.067 0.146 0.053 -0.026 -0.019
(0.178) (0.168) (0.169) (0.172) (0.175) (0.230)

migrated with flood 2+ years ago 0.118 0.096 0.022 0.035 -0.011 -0.040
(0.085) (0.079) (0.084) (0.092) (0.091) (0.105)

Table 6.C Includes Kabupaten-level controls

overweight hypertension low low low intrvr low respdnt

PEFR hemoglobin rating rating

migrated with flood last year 0.061 -0.155 0.070 -0.083 -0.061 -0.012
(0.178) (0.165) (0.183) (0.296) (0.184) (0.216)

migrated with flood 2+ years ago 0.016* 0.170** 0.043 0.060 0.091 -0.036
(0.090) (0.081) (0.084) (0.081) (0.095) (0.103)

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 7: Two-class Grade of Membership Model

(1) (2) (3)

migrated last year -0.093 -0.107 -0.087
(0.160) (0.161) (0.157)

migrated 2+ years ago -0.041 -0.001 -0.066
(0.095) (0.097) (0.097)

male -0.960*** -0.905*** -0.933***
(0.112) (0.112) (0.112)

age in years 0.166*** 0.160*** 0.164***
(0.006) (0.007) (0.006)

no schooling -0.085 0.213 0.054
(0.163) (0.174) (0.161)

high school or higher education -0.181** -0.444*** -0.163**
(0.085) (0.101) (0.083)

married 0.077 0.120* 0.108*
(0.063) (0.065) (0.064)

owns a house -0.240*** -0.227*** -0.132*
(0.073) (0.072) (0.075)

year is 2000 -0.094 -0.079 -0.177**
(0.079) (0.078) (0.086)

year is 2007 0.950*** 1.012*** 0.877***
(0.079) (0.081) (0.086)

log(population in Desa) 0.134*** 0.129** 0.185***
(0.052) (0.051) (0.067)

proportion of households in Desa with phone 0.360 0.086 -0.558
(1.476) (1.451) (1.964)

log(distance to post office) -0.010 -0.012 0.025
(0.030) (0.030) (0.037)

Desa is urban 0.289*** 0.255*** -0.008
(0.094) (0.092) (0.135)

Desa is on the shore 0.074 0.084 -0.007
(0.102) (0.101) (0.167)

Continued on next page
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Table 7: Two-class Grade of Membership Model

(1) (2) (3)

Mean posterior pr.: class 1 0.597 0.597 0.597
Mean posterior pr.: class 2 0.403 0.403 0.403
Pr. poor health ×1000: class 1 0.022 0.022 0.021
Pr. poor health ×1000: class 2 0.960 0.952 0.961
Group level controls None Household Kabupaten

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 8: Two-class Grade of Membership Model

(1) (2) (3)

migrated with flood last year 0.127 -0.229 0.144
(0.841) (0.800) (0.878)

migrated with flood 2+ years ago 1.106** 1.088** 1.040**
(0.470) (0.429) (0.460)

migrated last year -0.078 -0.087 -0.093
(0.160) (0.164) (0.158)

migrated 2+ years ago -0.082 -0.045 -0.104
(0.097) (0.098) (0.098)

flood last year 0.520*** 0.335** 0.495***
(0.142) (0.165) (0.148)

flood 2+ years ago 0.255** 0.077 0.189
(0.124) (0.128) (0.126)

male -0.957*** -0.905*** -0.927***
(0.112) (0.113) (0.113)

age in years 0.165*** 0.159*** 0.164***
(0.006) (0.007) (0.006)

no schooling -0.088 0.201 0.044
(0.164) (0.174) (0.161)

high school or higher education -0.185** -0.463*** -0.168**
(0.086) (0.100) (0.083)

married 0.072 0.114* 0.105
(0.063) (0.065) (0.064)

owns a house -0.251*** -0.235*** -0.139*
(0.073) (0.072) (0.075)

year is 2000 -0.103 -0.081 -0.177**
(0.078) (0.077) (0.086)

year is 2007 0.967*** 1.031*** 0.887***
(0.079) (0.081) (0.086)

Continued on next page

26



Table 8: Two-class Grade of Membership Model

(1) (2) (3)

log(population in Desa) 0.136*** 0.133*** 0.181***
(0.052) (0.051) (0.068)

proportion of households in Desa with phone 0.432 -0.098 -0.335
(1.465) (1.447) (1.982)

log(distance to post office) -0.012 -0.011 0.015
(0.030) (0.030) (0.037)

Desa is urban 0.258*** 0.218** -0.007
(0.094) (0.093) (0.135)

Desa is on the shore 0.040 0.029 -0.003
(0.101) (0.101) (0.166)

Mean posterior pr.: class 1 0.597 0.597 0.597
Mean posterior pr.: class 2 0.403 0.403 0.403
Pr. poor health ×1000: class 1 0.022 0.021 0.021
Pr. poor health ×1000: class 2 0.962 0.953 0.963
Group level controls None Household Kabupaten

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 9: Two-class Grade of Membership Model

(1) (2) (3) (4)

migrated with flood last year 0.281 0.094 0.262 0.065
(0.906) (1.247) (1.007) (1.199)

migrated with flood 2+ years ago 1.019** 0.990* 0.904* 1.104**
(0.508) (0.559) (0.525) (0.531)

migrated last year -0.107 -0.097 -0.114 0.020
(0.163) (0.209) (0.183) (0.171)

migrated 2+ years ago -0.105 -0.180 -0.084 -0.275**
(0.099) (0.123) (0.108) (0.116)

flood last year 0.495*** 0.541*** 0.468*** 0.376**
(0.144) (0.165) (0.152) (0.028)

flood 2+ years ago 0.213 0.168 0.242 0.140
(0.123) (0.140) (0.130) (0.139)

male -0.958*** -0.926*** -1.034***
(0.102) (0.132) (0.125)

age in years 0.338*** 0.364*** 0.452*** 0.230***
(0.021) (0.029) (0.032) (0.028)

age squared in years -0.002*** -0.02*** -0.004*** -0.002***
(0.000) (0.000) (0.000) (0.000)

no schooling -0.015 0.128 -0.113 -0.159
(0.136) (0.150) (0.149) (0.137)

high school or higher education -0.065 -0.214** 0.053 -0.694***
(0.087) (0.103) (0.111) (0.093)

married 0.033 -0.051 0.034 0.027
(0.061) (0.069) (0.066) (0.072)

owns a house -0.131* -0.153* -0.124 -0.062
(0.077) (0.088) (0.084) (0.088)

Continued on next page
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Table 9: Two-class Grade of Membership Model

(1) (2) (3) (4)

year is 2000 -0.126 -0.161* -0.019 -0.119
(0.080) (0.093) (0.087) (0.093)

year is 2007 0.931*** 0.859*** 1.079*** 0.811***
(0.081) (0.095) (0.090) (0.093)

log(population in Desa) 0.170*** 0.219*** 0.167** 0.175**
(0.066) (0.082) (0.073) (0.074)

proportion of households in Desa with phone -0.040 0.921 -0.608 -1.597
(2.060) (2.422) (2.245) (2.181)

log(distance to post office) 0.009 0.025 -0.006 -0.001
(0.036) (0.042) (0.039) (0.042)

Desa is urban -0.013 -0.155 -0.035 -0.088
(0.134) (0.157) (0.146) (0.148)

Desa is on the shore -0.012 0.063 -0.018 0.146
(0.167) (0.192) (0.180) (0.194)

Mean posterior pr.: class 1 0.618 0.634 0.637 0.606
Mean posterior pr.: class 2 0.382 0.366 0.363 0.394
Pr. poor health ×1000: class 1 0.023 0.039 0.034 0.040
Pr. poor health ×1000: class 2 1.014 1.234 0.917 1.385

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 10: Two-class Grade of Membership Model

migrated with flood last year -23.074
(15.022)

migrated with flood 2+ years ago 2.237*
(1.247)

migrated last year -0.091
(0.158)

migrated 2+ years ago -0.114
(0.099)

flood last year 0.497***
(0.148)

flood 2+ years ago 0.195
(0.127)

male -0.930***
(0.113)

age in years 0.164***
(0.006)

age squared in years -0.002***
(0.000)

age in years w mf1 0.817*
(0.459)

age in years w mf2 -0.036
(0.033)

no schooling 0.044
(0.161)

high school or higher education -0.169**
(0.084)

married 0.106*
(0.064)

owns a house -0.142*
(0.075)

Continued on next page
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Table 10: Two-class Grade of Membership Model

year is 2000 -0.179**
(0.087)

year is 2007 0.893***
(0.087)

log(population in Desa) 0.174***
(0.068)

proportion of households in Desa with phone -0.460
(2.005)

log(distance to post office) 0.017
(0.037)

Desa is urban 0.010
(0.136)

Desa is on the shore -0.035
(0.166)

Mean posterior pr.: class 1 0.597
Mean posterior pr.: class 2 0.403
Pr. poor health ×1000: class 1 0.021
Pr. poor health ×1000: class 2 0.963

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 11: Differences in Health by Status/Flood

Table 11.A Differences in Overweight Status by Flood

Migrant† Male‡ Age[ Own house\

Flood 0.069 0.082 0.002 0.052
(0.043) (0.082) (0.004) (0.095)

No Flood 0.020** 0.072*** 0.007*** 0.044***
(0.008) (0.016) (0.001) (0.017)

Table 11.B Differences in Hypertension Status by Flood

Migrant† Male‡ Age[ Own house\

Flood 0.026 -0.159 0.009 -0.029
(0.056) (0.111) (0.005) (0.119)

No Flood 0.102*** -0.136*** 0.012*** 0.010
(0.010) (0.019) (0.001) (0.019)

Table 11.C Differences in Low Peak Expiratory Flow Rate by Flood

Migrant† Male‡ Age[ Own house\

Flood 0.023 0.009 -0.006 -0.001
(0.049) (0.098) (0.004) (0.105)

No Flood 0.032*** 0.050*** 0.001 -0.005
(0.008) (0.016) (0.001) (0.016)

Table 11.D Differences in Hemoglobin Status by Flood

Migrant† Male‡ Age[ Own house\

Flood 0.012 0.179* 0.004 0.061
(0.052) (0.098) (0.005) (0.113)

No Flood 0.054*** 0.152*** 0.001 -0.037**
(0.009) (0.018) (0.001) (0.018)

* p< 0.1; ** p< 0.05; *** p< 0.01

† Differences in means between non-migrants (0) and migrants (1)

‡ Differences in means between female (0) and male (1), migrants only

[ Differences in mean age, migrants only

\ Differences in house ownership status, migrants only
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Table 11.E Differences in Low Interviewer-Rated Health by Flood

Migrant† Male‡ Age[ Own house\

Flood 0.013 0.105 0.005 -0.096
(0.051) (0.099) (0.005) (0.103)

No Flood 0.048*** 0.045** 0.001 -0.063***
(0.009) (0.018) (0.001) (0.018)

Table 11.F Differences in Low Respondent-Rated Health by Flood

Migrant† Male‡ Age[ Own house\

Flood -0.051 -0.006 -0.005 0.055
(0.046) (0.093) (0.004) (0.102)

No Flood -0.002 0.012 0.003*** 0.014
(0.007) (0.014) (0.001) (0.014)

* p< 0.1; ** p< 0.05; *** p< 0.01

† Differences in means between non-migrants (0) and migrants (1)

‡ Differences in means between female (0) and male (1), migrants only

[ Differences in mean age, migrants only

\ Differences in house ownership status, migrants only
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Figure 1: Rates of Low Health by Migrant and Flood Status
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Figure 2: Flood-related Migrations as Percent of Total Migrations

Figure 3: Probabilities of Health Conditions by Latent Class
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Figure 4: Effects of Migration on Probability of Class Membership
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