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Abstract

Reliable testing data for new infectious diseases like
COVID-19 is scarce in developing countries making it
difficult to rapidly diagnose spatial disease transmission
and identify at-risk areas. We propose a method that
uses readily available data on bi-lateral migration chan-
nels combined with COVID-19 cases at respective
migrant destinations to construct a spatially oriented
risk index. We find significant and consistent associa-
tion between our measure and various types of outcomes
including actual COVID-19 cases and deaths, indices of
government policy responses, and community mobility
patterns. Results suggest that future pandemic models
should incorporate migration-linkages to predict regional
socio-economic and health risk exposure.
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The rapid proliferation of infectious diseases such as COVID-19 can pose substantial threats to
the economies of low- and middle-income countries (LMICs) both from public health and
socio-economic perspectives. The crisis can be compounded by limitations in health system
capacity and social safety nets (Ivers & Walton, 2020, p. 1149; Walker et al. 2020, pp. 413-414;
Tondl, 2021). For example, an early evaluation of global health systems revealed that there were
fewer than 2000 working ventilators to serve the hundreds of millions of people in Africa
(MacLean & Marks, 2020). Similarly, COVID-19 was also associated with widespread income
drop combined with large increases in food insecurity in many LMICs in Africa, Asia, and Latin
America (Egger et al., 2021; Ahmed et al., 2021).

To mitigate the cost of a pandemic's shock to health and economic systems, policy makers
in LMICs need to employ various tools to swiftly identify the spatial distribution of vulnerable
regions at some reasonable level of granularity such that they can target economic and health
resources efficiently. Similarly, at the global level, a mapping of at-risk countries can be helpful
in directing the flow of development aid. Deficiencies in health-care infrastructure and
resources in the LMIC context can prevent rapid deployment of testing services for early disease
identification, thus creating a multi-pronged attack on the lives of the economically vulnerable.

Considering this imminent need amongst regional and global policy makers to swiftly iden-
tify vulnerable countries and regions at the onset of virally transmitted pandemics such as
COVID-19, we propose a novel approach to address this problem by exploiting migration-based
linkages between countries to make predictions about the spatial risk distribution stemming
from the contagion. This tool can serve as a proof-of-concept to infer the future exposure to
socio-economic and health related vulnerabilities for LMICs where large-scale migration is used
as an active labor market policy.

Our COVID-19 related risk measurement approach relies on the human-to-human trans-
mission of viral pandemics that lead to disease spread in new locations. Past pandemics and epi-
demics of infectious diseases like HIV, SARS and MERS have been slinked to human mobility
and migration patterns (Greenaway & Gushulak, 2017, p. 316). Correspondingly, in the context
of COVID-19's exceptionally infectious nature (Guan et al., 2020, p. 428), pre-existing bilateral
migration links with COVID-19 affected areas can be informative about disease risk in new
locations, particularly in the migrants' countries of origin. This is partly because travelers
returning to countries of origin, many of whom were migrants working under various types of
labor contracts, were an inadvertent vector for early COVID-19. Lee et al. (2021) established the
link between migration and the early spread of COVID-19 across national borders and across
regions for three countries, namely, Bangladesh, India, and Pakistan (Lee et al., 2021).

After constructing our migration-linked disease exposure index, we validate the reliability of the
measure by comparing our risk predictions to the number of confirmed COVID-19 cases in the first
five weeks of the COVID-19 pandemic. We find a strong positive correlation between our index and
confirmed COVID-19 cases—a 1% increase in our COVID-19 risk exposure measures is predicted to
significantly increase confirmed COVID-19 cases by about 0.2% with a 2 week-lag from exposure at
the migrants' destination countries. We also carry out robustness checks using various indicators of
the severity of the disease, namely, a wide range of governments' response to the spread of infection
(Hale et al., 2020); restrictions to citizen mobility (Google, 2020); and the number of COVID-19
deaths. While each of these indicators come with their respective set of limitations, and the size of
the impact shows notable heterogeneity, we find consistently significant correlation with each of
these separate indicators. This provides confidence in the reliability of our index as a risk-
measurement tool. The strong predictive power of our index is retained even after controlling for a
large set of country and week fixed effects. Furthermore, we also conduct some sensitivity analysis
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using receiver operating characteristics (ROC) graphs for different cut-off values of our index and its
ability to predict substantial and high-transmission regions using the United States Center for Dis-
ease Control (CDC) Indicator of Community Transmission (CDC, 2022) and find reliable results
(see Figure Al).

We provide a simple application of our method for the sub-regional COVID-19 risk analysis
for Bangladesh, a country characterized both by large annual labor out-migration along with
severely under-resourced health systems (UNDP, 2020). We use survey and administrative data
to create district and sub-district (upazila) indices. These provide important insights for local
policy makers in the early stages of the pandemic. Our hypothesis linking COVID-19 and
human mobility complements a related study where authors find that respondents in
Bangladeshi communities, where at least one migrant returned in the 2 weeks prior to the sur-
vey, were significantly more likely to report one or more symptoms associated with COVID-19
(Lopez-Pena et al., 2020).

Many countries in the Global South experienced high rates of migration in the past decade
(McAuliffe & Khadria, 2020) and have large emigrant populations residing in the high-income
countries. Some notable high-frequency migrant destinations like Italy and the United States were
affected by COVID-19 in the early stages of the pandemic (Kuchler et al., 2022). Our approach
suggests that migrant-sending countries and regions having stronger links to these destination
countries via their migrant populations are at higher risk of being exposed to the health and
socio-economic consequences of the pandemic compared to countries with weaker links. Conse-
quently, these vulnerable migrant-sending countries may need to pay strong attention to mitigate
these effects. Returning migrant movements during pandemics could be triggered by several dif-
ferent factors such as the financial crises initiated by country-wide lockdowns, economic closures,
and other uncertainties while also creating unintentional spread of the disease in their countries
of origin (Guadagno, 2020). Since India had over 138,000 migrants in Italy in 2017 compared to
Tanzania, which had only around 1600 migrants (WHO, 2022), our hypotheses would suggest
that India, in particular the regions with higher migrant stocks to Italy, would be most at risk of
exposure, relative to Tanzania after scaling for the appropriate population sizes in the countries of
origin following migratory movements during a pandemic such as COVID-19.

Our paper contributes to several strands of research. Firstly, we contribute to a growing lit-
erature linking the impact of COVID-19 and degree of inter-connectedness between countries
due to social connections and migratory movements (Chan et al., 2020; Kuchler et al., 2022; Lee
et al., 2021; Milani, 2021, pp. 225-226). Secondly, our paper focuses on understanding pandemic
risks for especially vulnerable populations: international migrants, their households, and their
communities. We thus contribute to development and migration research by studying the socio-
economic risks posed to migrant communities (Guadagno, 2020). Finally, by linking human
mobility and risk of exposure to COVID-19, we contribute to the broader public health litera-
ture linking human mobility and population health (Castelli & Sulis, 2017, 284; Gushulak
et al., 2009; Hirsch, 2014, pp. 42-43). In contrast to epidemiological studies that that predict the
evolution of the number of infected individuals in a population, we focus on using bi-lateral
migration channels, driven by historic economic relationships between countries, to predict dis-
ease risk exposure and the subsequent socio-economic vulnerabilities of populations in develop-
ing countries, thus highlighting the importance of incorporating spatial elements in modeling
future pandemics (Gatto et al., 2020, p. 10484).

In the remaining paper, we proceed as follows. First, we provide a theoretical framing that
links migration with COVID-19 risk exposure for LMICs. Next, we provide a detailed descrip-
tion of the data and sample period for validating the reliability of our index. This is followed by
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a summary of the results and discussion of the limitations. We then provide a sub-national
application of our risk exposure to the case of Bangladesh to illustrate the applicability of our
approach. Finally, we conclude with next steps and policy applications.

THEORETICAL FRAMEWORK LINKING MIGRATION AND
COVID-19 RISK EXPOSURE

We theorize that migration-based links can provide important insights on exposure to viral pan-
demic risk exposure. We build on the migration and COVID-19 link established in Lee et al.
(2021) to construct a disease risk index that predicts exposure for every LMIC country because
of their migration-based links. As a starting point, we use their results that the number of
COVID-19 cases in a migrant-sending region i at time ¢, COVy, is proportional the total out-
migration rate. This is illustrated by the following equation:

Mig;,

cov; . 1
it X Pop,, ( )

Building on these results, we construct an index of COVID-19 risk exposure by combining
destination specific out-migration with COVID-19 case exposure. This index exploits the insight
that past bi-lateral migration channels are linked to inter-country mobility patterns in the early
days of COVID-19 pandemic and have predictive value for early detection of pandemic risk
exposure.

Conceptually, we theorize that an LMIC's exposure to an infectious disease such as COVID-
19, via migration channels, can depend on the number of return migrants from each destination
country d, Ay4, and the probability that each returning migrant from d is infected with COVID-
19, ¢,. While we do not observe A;y directly for the countries in our sample, we can proxy for
this using the total stock of migrants, M4, from origin country i residing in destination d, prior
to the pandemic. The key assumption is that the number of returning migrants from d to i in
2020 is proportional to the stock of pre-COVID migrants from i that reside in d, that is:

Aid O(Mid. (2)

In order to proxy ¢4, we assume that the infection probability of a returning migrant from d
is an increasing function of the COVID-19 infection rate in d. That is, all else equal, a returning
migrant from a country with a higher infection rate is more likely to be infected themselves.
Thus, we use the number of COVID-19 infections per capita in a destination to proxy ¢g.

_ COVy,

= o 3)

Pa

With these proxies in hand, we define our LMIC's migration-based exposure to
COVID-19 as:

D
CO th
EXPy = Mg ( ) . (4)
; POP,
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where i indexes migrant-origin LMICs and d =1,2,...,D indexes migrant-receiving destinations.
My is the total stock of migrants from country i residing in destination d (United
Nations, 2017).!

For each destination, we multiply country i's stock of out-migrants, M;y, with the number of
COVID-19 cases per capita in destination, d. COVID-19 infections, COV 4, is the number of
confirmed cases reported by the European Centre for Disease Prevention and Control (ECDC,
2022) in destination d on week ¢ of 2020. We divide this by the total population in d in mid-
2017, POPg4, (United Nations, 2017) to get a per capita rate.

Our COVID-19 risk index, EXP;, is an increasing measure of COVID-19 exposure: a
higher value is associated with greater COVID-19 infections in a destination country with
which country i has strong migration links. Our index varies by origin country due to differ-
ences in pre-COVID-19 migration patterns. It also varies by time due to the evolution of
COVID-19 cases in destination countries. The index value is thus determined not only by over-
all emigration rates (Lee et al., 2021), but also each country's migration links to specific destina-
tions weighted by the COVID-19 cases, respectively. This allows us to create a nuanced
assessment of the regional pandemic risk distribution for LMICs with non-trivial exposure to
out-migration.

Our COVID-19 risk index can be used in conjunction with other economic data to
inform policy responses at sub- and cross-national levels. In Figure 1a,b, we illustrate the
cross-country variation in our index in South and Southeast Asia, and Africa, respectively.
For example, in the case of Asia, amongst countries where COVID-19 was not widespread
early in the pandemic (defined as having fewer than 2000 cases), our index predicted that
India, the Philippines, and Vietnam are relatively more exposed as shown by the darker
shades.

a South and South-east Asia b Africa

FIGURE 1 Region-wise COVID-19 risk exposure and case distribution using COVID-19 Index. (a) South and
South-east Asia (b) Africa. Figures 1(a) and (b) show the heat maps based on the COVID-19 risk index for South
and South-east Asia and Africa, respectively. The darkest shade indicates countries in the top-most quartile of
the risk categorization according to the index. We also superimpose the cumulative number of COVID-19 cases
reported in each country (as of March 24, 2020) with larger circles illustrating higher caseloads. Case data is
taken from European Centre for Disease Prevention and Control (ECDC, 2022).
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FIGURE 2 Cumulative global COVID-19 cases and Government Response Index across countries. The pink
line denotes cumulative COVID-19 cases using data from European Centre for Disease Prevention and Control
(ECDC, 2022) where the y-axis on the left reflects number of COVID-19 cases per 10,000. The bars denote the
Government Response Index (GRI) as proxied by Hale et al. (2020) where the y-axis on the right reflects the
degree border closures measured by the cumulative GRI measured as a percentage. The blue line marks the
announcement of COVID-19 as a global pandemic by the World Health Organization (WHO). Data is included
only for LMICs countries as per the study sample.

VALIDATION OF THE COVID-19 RISK INDEX

In the following section, we provide an overview of the data and methods to validate the reli-
ability of our index in assessing actual and perceived COVID-19 risk intensity across countries.

Data

Data on COVID-19 cases and deaths for each country are collected from official government
sources and reported by the European Centre for Disease Prevention and Control (ECDC,
2022). The pink line in Figure 2 illustrates the cumulative cases by region during the first four
months of 2020. The cumulative numbers suppress the large heterogeneity across regions such
as 125,000 cumulative cases in Latin America, South Asia, the Middle East, and North Africa
compared to only 25,000 or fewer in South-East Asia, Sub-Saharan Africa, and the Pacific by
April 30, 2020.

We obtain migration data (United Nations, 2017),> which reports the total stock of migrants
between origin and destination countries using population censuses, population registers, and
nationally representative surveys at the destination countries. We use 2017 data to calculate the
stock of migrants from each origin-country to all possible destination countries. By using
pre-COVID-19 migration data, we ensure that our exposure measure is not contaminated by
endogenous changes that may impact the extent of return migration.

We restrict the countries of migrant origin in our sample to include only LMICs (World
Bank, 2020). LMICs accounted for 79% of all out-migrants in 2017. In 2019, more than 40% of
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the out-migrants originated only from Asia with India being the largest sender of migrants,
followed by China, Bangladesh, and Pakistan. Meanwhile about two-thirds of all international
migrants resided in high-income countries in 2019 (McAuliffe & Khadria, 2020). Therefore,
international migrants who travelled from COVID-19 affected high-income countries back to
their home countries at the early stages of the pandemic, had a high likelihood of originating
from LIMCs. As a result, we restrict our sample of migrants to this group and subsequently, our
migration-linked COVID-19 risk measure is only applicable for countries in the LMIC category
(World Bank, 2020).

Our focus is to estimate whether return migration was a vector of transmission for socio-
economically vulnerable countries, therefore, to construct our final sample, we restrict the set of
migrant-origin countries to the LMICs. Consequently, our index measure is applicable only to
these countries. We do not restrict destination countries, so that our out-migration data capture all
possible destinations. We also use population data for each country from United Nations (2017).

In addition to data on COVID-19 cases and deaths, we use two other sources of data which
we subsequently use as proxies to measure the intensity of the COVID-19. The first set is the
Oxford COVID-19 Government Response Tracker (Hale et al., 2020), which capture government
policies related to closure and containment, health, and economic policy for more than 180 coun-
tries, plus several countries’ subnational jurisdictions. Policy responses are recorded on ordinal or
continuous scales for 19 policy areas, capturing variation in degree of response to create four indi-
ces that group different families of policy indicators in the following areas: (i) Stringency index
(“containment and closure” or “lockdown” policies); (ii) Government Response Index (GRI) for
all categories; (iii) Containment, closure, and Health Index (CHI); and (iv) Economic Support
Index (ESI). These indices have been used widely to measure government responses to real or
perceived risk of COVID-19 intensity in a country. For example, cross country studies show that
cancellation of public events, restriction on private gathering, and closing of schools and
workplaces had significant impact on reducing COVID-19 infections (Askitas et al., 2021, p. 1).

The second set of measures on proxies of COVID-19 intensity is the change in mobility-based
data from Google Maps (Google, 2020). The Google Community Mobility Reports reveal what
changed in response to policies aimed at combating COVID-19 and measure movement trends
over time by geography, across different categories of places such as retail and recreation, grocer-
ies and pharmacies, parks, transit stations, workplaces, and residential areas.

In selecting our sample period, we take into consideration both the incubation period of
COVID-19, as well as information on international travel bans, since our index is calculated
based on the assumption that international borders had to be open to enable migrants to travel
back to their home countries (Equation 2). We use the insight that many international migrants
were faced by uncertainties at the onset of the pandemic and decided to return to their coun-
tries of origin, which also led them to inadvertently become carriers of COVID-19 in some
cases. Furthermore, we use the knowledge that 99% of the infected population showed symp-
toms within 14 days of exposure for the early strains of COVID-19 (Lauer et al., 2020, p. 580).
Since the World Health Organization (WHO) declared COVID-19 a pandemic on March
11, 2020, we add the 14-day incubation period leading to March 24, 2020, to mark a reasonable
end date to our sample. To illustrate the timelines, we graph the measure of international
border closure proxied by the Government Response Index (Hale et al., 2020) alongside cumulative
COVID-19 cases in Figure 2. We deduce the final baseline sample period to be of 10-week duration,
starting from January 15, 2020, when ECDC started recording the COVID-19 cases, and ending on
March 24, 2020.
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Econometric specification
Our benchmark econometric specification takes the following form:
ln(COV”) :a+ﬁEXPlt+91+9[+€l[, (5)

where COV; is the number of confirmed COVID cases per million people in country i during
week t.> EXP;, is country i's exposure to COVID-19 via return migration and is defined in Equa-
tion 4. The coefficient of interest is #, which we expect to be positive if return migration was a
vector of transmission to LMICs during the initial phase of the pandemic. €; is the error term.
All standard errors are clustered at the country level.

One possible concern with this empirical approach is that the number of COVID-19 cases in
i is likely to be driven by country-level characteristics such as its health infrastructure, demo-
graphic profile, population density, and rate of urbanization. If these characteristics are also
correlated with the stock of out-migrants from i, then § will not be identified. We address this
concern in two ways. First, we include origin-country fixed effects, 0;, in all regressions, which
will absorb the time invariant confounding effects. We also include 6;, which are week fixed
effects that absorbs the week specific shocks. All observations are at the country-week level.

A second possible concern is the use of COVID-19 cases for validation of the index. Since
our index is constructed using COVID-19 case intensities at the respective migrant-
destinations of the LMICs, there could be a potential problem if contemporaneous COVID-19
cases at the migrant origin, COV;, is impacted by any reverse immigrant stock from their
destination countries, d. In order to mitigate this concern, we measure the degree of correlation
between the destination countries of LMIC migrants, and the destination countries of the
emigrants from these respective LMIC destination countries. We find this correlation to be
negative and significant indicating that there is a negative likelihood that immigrants into
LMICs originate from the same destination countries to which the LMIC population out-
migrates (see Figure A2).

A third concern arises from measurement error in the COVID-19 case load in the LMICs.
To mitigate this, we carry out robustness checks with several alternate dependent variables to
capture various aspects of COVID-19 intensity. These measures include policy restrictions to
measure the government's actual or perceived responses to COVID-19 risk (Hale et al., 2020);
changes in mobility during COVID-19 (Google, 2020); and COVID-19 deaths per capita.

Finally, we test the assumption that existing stocks of migrants is associated with incoming
returnees in the early stages of COVID-19 (see Equation 2). We use a case study from
Bangladesh, where we obtained data on airport arrivals in Bangladesh between December 2019
and March 2020 from the Civil Aviation Authority of Bangladesh (CAAB). We estimate the
correlation between the CAAB data with data on migrant stock figures from surveys and
administrative data in Bangladesh. These are described in further detail in a subsequent case
study on Bangladesh.

RESULTS AND DISCUSSION

We present descriptive statistics for the main variables in Table 1. Panel A provides the
summary statistics for the logarithm of our main independent variable, which is the loga-
rithm of COVID-19 exposure index as well as COVID-19 cases and deaths from ECDC data.
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TABLE 1 Summary statistics
@) (€) 3) @ 5)
Vars Obs Mean SD Min Max
Panel A
Lg (exp) 1230 0.93 1.53 0.00 7.44
Lg (cases pc) 1230 0.00 0.01 0.00 0.10
Lg (deaths pc) 1230 0.00 0.00 0.00 0.01
Panel B
Stringency Index 1230 15.83 23.18 0.00 100.00
GRI 1230 12.86 17.77 0.00 84.52
CHI 1230 14.75 20.18 0.00 88.89
ESI 1230 1.57 8.05 0.00 75.00
Panel C
Retail/ recreation 1230 —-0.25 14.52 —80.00 28.00
Grocery 1230 5.18 9.73 —60.00 34.00
Parks 1230 3.81 16.29 —73.00 86.00
Transit 1230 -0.77 14.86 —84.00 27.00
Workplace 1230 4.81 12.05 —59.00 26.00
Panel D
Share health exp/GDP (%) 123 5.95 2.51 2.27 16.62
Share working age pop (%) 123 63.97 17.62 31.88 111.34
Share pop>65 (%) 123 5.87 3.84 1.92 20.76
Pop density (per/sqkm) 123 134.37 215.21 2.00 1654.67
Share urban pop (%) 123 51.40 20.45 12.71 91.75

Note: Panel A provides the summary statistics for the main variables, including our measure of the COVID-19 exposure
index, Covid-19 cases, and deaths. Observations are at the week-country level. Panel B provides the summary statistics
for the four main indices: Stringency Index, Government Response Index (GRI), Containment, closure and Health Index
(CHI), and Economic Support Index (ESI) (Hale et al., 2020) measured at the country-week level. Panel C provides the
summary statistics for the Google Community Mobility variables (Google, 2020), expressed as percentage changes in
mobility compared to a baseline day, which represents a normal value for that day of the week and is the median value
from the 5-week period January 3-February 6, 2020. Panel D provides the country specific characteristics used as
country-level controls.

Given the lower reported numbers in COVID-19 deaths in the sample period, there is very
limited variation in the data. Observations are at the week-country level. Panel B provides
the summary statistics for the four main stringency indices from Hale et al. (2020) measured
at the country-week level. Panel C provides the summary statistics for the Google Commu-
nity variables. These variables are expressed as percentage changes in mobility compared to
a baseline day, which represents a normal value for that day of the week and is the median
value from the 5-week period January 3, 2020, to February 6, 2020. All variables in Panels
A, B, and C are measured at the country-week level. Panel D provides the country specific
characteristics used as country-level controls (World Bank, 2020).
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TABLE 2 Contemporaneous and lag effects of COVID-19 exposure index on COVID-19 cases.
@ (€) 3 @ &)
Variables Contemporaneous 1-wk lag 2-wk lag 3-wk lag All lags
LO. Exp 0.001** 0.001
(0.000) (0.001)
L1. Exp 0.001*** 0.000
(0.001) (0.001)
L2. Exp 0.002%** 0.002%**
(0.001) (0.001)
L3. Exp 0.002* —0.001
(0.001) (0.001)
Cons 0.000 0.000 0.000 0.000 0.000
—0.001 —0.001 0.000 0.000 0.000
Obs 1230 1107 984 861 861
R? 0.16 0.16 0.16 0.15 0.17
# countries 123 123 123 123 123

Note: Dependent variable is logarithm of confirmed COVID-19 cases/person. Exposure is defined in Equation 4 (in logarithm).
We control for country and week fixed effects in all specifications. Sample period is 10 weeks from January 15, 2020 to March
24, 2020. Reported standard errors are clustered at the country. Sample includes LMICs as classified by the World Bank (2020).
*kp < 001, **p < 0.05, *p < 0.1.

The main results (based on Equation 5), are reported in Table 2. Results show that our index
is significantly and positively correlated with the subsequent COVID-19 cases in the sample of
LMICs. We regress confirmed cases on the exposure measures on contemporaneous, one, two
and three-week lags of the cases (columns 1 to 4, respectively) to observe the effectiveness of
the index over different time periods. Results show that the effect on the coefficient is positive
and significant at the 5% level for all three lagged cases although the level of significance
decreases with the third lag. Only the second lag remains positive and significant at 5% level
when all three are included (column 5), which corresponds to the 2-week virus incubation
period. A 10% increase in exposure measure results in about 0.02 percentage increase in con-
temporaneous COVID-19 cases and significant at the 5% level.

While size of the effect is small, the coefficient is positive and significant across all specifica-
tions showing a positive relationship between our index and the degree of observed COVID-19
intensity. Thus, Table 2 shows that firstly, our index, which used the stock of international
migrants, is a good predictor of the spread of COVID-19. Secondly, the index is most effective at
predicting spread in the first 2 weeks of the migrants' return to the country of origin, confirming
the epidemiological evolution of the virus.

Robustness checks
While our results in Table 2 show strong positive association between our COVID-19 index

measure and the prevalence of COVID-19 in LMICs using reported COVID-19 case data, we are
aware of the limitations and heterogeneity in the COVID-19 case data for many LMICs. The
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effect size is also quite small and therefore required further robustness checks. Given the results
of column 5 of Table 2, we use second lag as the main specification in the robustness analysis.

One key issue is measurement error on the dependent variable, which does not impact the
consistency in estimating our coefficient as long as the errors are uncorrelated with our COVID-
19 index. Since our index is calculated using out-migration rates and COVID-19 caseloads in
migrant-destinations, we expect this to be a valid assumption and expect this risk to be mitigated.

However, if measurement errors are correlated with our COVID-19 index, there might be a
positive bias on our estimate. To mitigate these concerns, we study the association between our
index and several additional outcomes to test if the sign and direction of our findings remain
consistent.

We validate our measure against two sets of variables that measure real and perceived
responses to COVID-19 intensity at the country level. The first set of indices measures variation
in policy measure undertaken by different governments to contain the spread of disease (Hale
et al., 2020). These results are presented in columns 1-4 of Table 3. All four measures show a
positive and significant relationship with our COVID-19 exposure index. This indicates that as
the risk predicted by our COVID-19 index for an LMIC increases for a country, we also see
more restricted government measures in those areas due to real or perceived threat of disease,
thus corroborating the validity of an index for pandemic risk assessment.

In columns 5-9 of Table 3, we use five variables that capture that the extent of community
mobility of the citizens from Google's Community Mobility Report (Google, 2020). The Google
mobility data from Google measure visitor numbers to specific categories of location
(e.g., grocery stores; parks; train stations) every day and compares this change relative to base-
line days before the pandemic outbreak. Baseline days represent a normal value for that day of
the week and are calculated as the median value over the five-week period from January 3,
2020, to February 6, 2020. Measuring it relative to a normal value for that day of the week is
helpful because people often have different routines on weekends versus weekdays. We find a
significant, negative correlation between these mobility measures and our index indicating that
a decline in social and economic activities is associated with an increase in COVID-19 risk. This
is consistent with the prediction from our risk index since we would expect that as perceived
and actual risk of COVID-19 increases, the observed mobility in a country will decline.

We also test our index against confirmed COVID-19 deaths and present these results in col-
umn 10 of Table 3. We find a very small and positive but significant relationship between the
log of death per capita with our exposure measure. Unfortunately, given the very small varia-
tion in the COVID-19 cases, the size of the coefficient produced very small effects and therefore
not large enough to produce sufficient evidence on this measure.

Variation in country level policies over time to combat COVID-19 can impact confirmed
cases in the migrant-origin countries. The most rigorous control for this would require week
interacted with country fixed effects. However, including the country-week fixed effects would
eliminate all variation in our analysis including the one captured by our index, which we ulti-
mately want to measure. We take a less conservative approach and control for country specific
confounders by including the interaction terms between month fixed effects and the following
in some additional robustness checks: (i) percentage of health expenditure in GDP; (ii) share of
working age population; (iii) share of population over 65; (iv) population density; and, (v) share
of urban population (columns 1-5, Table A1). This is the closest to mitigating variation between
countries over time and we find that all our results hold for the inclusion of all five
interactions.
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We also check the robustness of our baseline results using three different sample periods:
(i) 12 weeks from 15 January 2020 to 7 April 2020; (ii) 14 weeks from 15 January 2020 to
21 April 2020; and (iii) 15 weeks from 15 January 2020 to 28 April 2020 (columns 6-8,
Table Al). Results remain positive and significant to these specifications. Given the large num-
ber of zeros in COVID-19 cases in our data, we express our variables in inverse hyperbolic sine
function and find consistent estimates (column 9, Table Al). Finally, we sense-check our
hypothesis by restricting the sample to only high-income countries (HIC) (column
10, Table Al). The results are not significant showing no notable association between our
COVID-19 risk measure and COVID-19 cases. This supports our initial hypotheses that this
approach to understanding COVID-19 risk exposure using international migration links is
applicable for LMICs that are prone to be net migrant-sending countries.

Limitations

One of the main limitations in this analysis in the errors in calculating COVID-19 case and
deaths data as well as the policy restrictions undertaken by governments, which can vary by
country over time. We include as many alternate measures of COVID-19 intensity as possible
including interactions between month and country characteristics to check if our index consis-
tently reveals the same pattern of association. We find consistent support of our hypothesis
using alternate measures of perceived and actual COVID-19 intensity, thus concluding that our
index appropriately reflects the COVID-19 risk for LMICs.

In addition to limitations discussed above, we note that COVID-19 spread in the early pandemic
days was associated with returning travelers who were also tourists and non-migrants, which is not
captured by our index. Additionally, the stock of migrants' data (United Nations, 2017) are heteroge-
nous and include a combination of permanent, semi-permanent, and temporary migrants, which
we do not distinguish in our analysis. The probability of return for these different classes of
migrants might be different and future work can extend to incorporate this heterogeneity.

APPLICATION OF PANDEMIC RISK EXPOSURE: CASE OF
BANGLADESH

We apply our methodology to estimate pandemic risk via exposure to international migration
by constructing corresponding sub-national indices for Bangladesh, which has a significant
exposure to international migration. We use this replication to illustrate that administrative and
survey data on migrant stock can predict incoming traveler data. We also show the application
of our risk exposure to spatially identify socio-economically vulnerable regions. At the regional
level, our index is positively and significantly correlated with regions having higher COVID-19
cases, quarantines, and COVID-19 related distress calls to a public hotline (A2I, 2020).

To illustrate the relationship in Equation 2, we first calculate the stock of migrants that trav-
eled to each destination at the district and sub-district level prior to COVID-19 (2018 and 2019)
using the database from the Bureau of Manpower, Employment and Training (BMET), under
the Bangladesh Government's Ministry of Expatriates’ Welfare and Overseas Employment. This
database contains information on every migrant registered to go abroad for employment pur-
poses including location at the origin (sub-district level), destination country, and expected
departure date. We then estimate the number and destination of migrants at the household
level and aggregate to the district level using survey weights from the Household Income and
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N.B.BMET Data s used for calculating the COVID-19 Risk Exposure Index at the Sub-District Level. No data is.

N.B. CAAB Data is used for calculating the COVID-19 Risk Exposure Index at the District Level.
available for sub-districts which are white. Sub-district names only provided for hishtest risk category.

a District level exposure b Sub-district (upazila) level exposure

FIGURE 3 COVID-19 risk exposure in Bangladesh. (a) District level exposure. (b)Sub-district (upazila) level
exposure. In panels (a) and (b) we show the regional variation in Bangladesh of the COVID-19 risk exposure
index at the district and sub-district levels, respectively. The darkest shade indicates countries in the top-most
quartile of the risk categorization according to the index. We also superimpose the cumulative number of
COVID-19 related distress calls to a government hotline (as of March 24, 2020) with larger circles illustrating
higher calls. For the districts, we also superimpose the cumulative number of COVID-19 related calls (as of
March 24, 2020) with larger circles illustrating higher calls. Case data is taken from European Centre for Disease
Prevention and Control (ECDC) and migrant stock data from the Bangladesh Bureau of Manpower,
Employment and Training (BMET). Distress call and quarantine data was obtained directly from the
Government of Bangladesh (A2I, 2020).

Expenditure Survey (HIES, 2016), a comprehensive nationally representative. Finally, using
records incoming travelers to Bangladesh between 17 December 2019* and 18 March 2020 from
the CAAB, we estimate the number of returnees from each destination at the district level.
Given that CAAB data tracks actual returns, it provides the most reliable signal of virus trans-
mission amongst all the sources of migration data that are available to us.

Using the above data, we analyze the association between migrant stock data from adminis-
trative and survey data with the CAAB data. We find that airport returnees from CAAB data
are positively and significantly correlated with the number of migration permits issued in that
district by BMET in the previous 5 years and the number of migrants calculated from the HIES
data (Table A2). Our results show that the approach presented in Equation 4, can be conducted
credibly using administrative data on migration permits and national surveys thus broadening
the scope and applicability of our analytical approach.

We then apply our COVID-19 risk index at the sub-national level to illustrate the spatial risk
distribution based on migration-based links (Figures 3a,b). For example, a higher index value
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implies strong migration links to destinations such as Italy, Singapore, or the United States,
where the disease was already more prevalent early in the pandemic. We find a positive associa-
tion between our exposure index and the actual number of COVID-19 cases at the regional
level. Results at the sub-district level are significant at the 5% level (Table A3). We also found
positive correlations between number of people quarantined at the district level and the number
of COVID-19 related distress calls placed to a national hotline obtained from the Government
of Bangladesh (A2I, 2020) at the sub-district level.”

Implementation of localized lockdowns or other targeted policies using district level expo-
sure variation is constrained by the size of the area and the population exposed at this level.
The top 10 high risk Bangladeshi districts identified by our district-level index have an average
population of 4.6 million while the average population of the top 10 most risky sub-districts is
542,000 (BBS, 2011). Thus, the latter is more feasible for relief or public health targeting and
our measures of risk exposure can help identify their vulnerable regions.

Heat maps based on our COVID-19 risk exposure indicate places where development indica-
tors might be negatively impacted by exposure to COVID-19 through international migration
channels. For example, Bangladeshi districts that sent many migrants to Italy could be expected
to experience larger adverse shocks to remittance income and need greater social safety nets
early in the pandemic. Overall, remittances into Bangladesh fell by over 30% (by US$ 500 mil-
lion) year-on-year in April 2020 (TBS Report, 2020). Thus, even though migrants may become
less predictive of COVID-19 occurrence over time, our sub-national heat maps are still informa-
tive about the nature of economic stressors over time. Furthermore, consistent with the logic of
our risk exposure index, human mobility was the strongest predictor of at least one symptom
associated with COVID-19 amongst a sample of representative households from a survey con-
ducted in Bangladesh's Cox's Bazar district (Lopez-Pena et al., 2020).

CONCLUSION

In our paper, we provide a novel approach in estimating the spatial variation in infectious dis-
ease risk for low- and middle-income countries based on their exposure to international migra-
tion with a specific application to the COVID-19 pandemic. Our methodology uses readily
available datasets on origin-destination linked migration stocks to identify the variation in
exposure to COVID-19 across countries and sub-national regions. We validate our index mea-
sure using subsequent cases of COVID-19 to demonstrate its reliability. The approach proposed
in this study can add to the policy makers toolkit in LMIC contexts for identifying at-risk
regions in early stages of viral pandemics, especially when testing data can be inadequate.

LMICs need geographically disaggregated information to determine how to spatially target
resources within each country. Widespread, nation-wide lockdowns are either too costly or
infeasible in poorer countries (Barnett-Howell & Mobarak, 2020). Thus, alternative means of
swift identification of vulnerable regions during pandemics is crucial for policy makers. Data
deficiencies can hamper resource allocation both at the sub-national and global levels. Interna-
tional bodies such as WHO need analogous comparative information across countries to spa-
tially target resources and provide support to LMICs at greater risk. The lack of uniformity in
testing frequency and different protocols across countries® can make it difficult to identify rela-
tive disease risk and target economic support.

Consequently, whether it is targeting public health measures, lockdowns, and quarantines,
or providing financial support, international policy makers need to identify at-risk countries
quickly. Meanwhile, national- and regional-level decision makers need to prioritize regions that
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require rapid response in terms of enhancing hospital and screening capacity, flow of medical
resources, or imposing more stringent social distancing and lockdown measures. Vulnerable
areas may also need immediate social protection support and targeted relief for those at greatest
risk of food insecurity. Due to limitations in the health sector and public resources in LMICs,
timely detection of cases and accurate data on the spread of highly infectious diseases such as
COVID-19 can be challenging. Despite various data limitations, we found consistent support
that our method provides a practical and credible approach for decision makers operating in
resource-constrained environments to identify potentially vulnerable regions exposed to pan-
demic risk as a consequence of international migration-based linkages.

The methods we developed can be applied to create heat maps in other developing countries
and future pandemics where decision makers are constrained by inadequate testing capacity.
This migration-based exposure index adds to the policy makers toolkit in early stages of a pan-
demic and can be combined with epidemiological modeling and other data sources such as
night-time lights, mobile phone communications, and transport flows to improve predictions
on the specific spatial patterns of disease spread within countries. The same exposure concept
underlying our index can also be applied to data on internal-migration links to model the com-
munity spread of disease over time. Other research papers have also documented how various
forms of social and economic connectedness is predictive of the spread of COVID-19
(Chan et al., 2020; Kuchler et al., 2022; Lee et al., 2021).

In a sub-national application of our approach, we worked with multiple sources of data in
Bangladesh because our goal is to establish a “proof of concept” that can be applied to other
LMICs to make sub-national predictions. The comparison of different measures provides insight
on the relative advantages of different data sources that range from administrative record-
keeping to national surveys. Many LMIC governments have been collaborating with mobile ser-
vice providers to collect information on (distress) call patterns made to helplines to implement
contact tracing’ and these can further build on the approach provided in this paper.

Furthermore, our paper contributes to a growing literature studying the links between infec-
tious diseases like COVID-19 and socio-economic outcomes by focusing on international migra-
tion links. With increasing risks of future viral outbreaks and the prominence of international
migrants globally, this paper makes an important contribution by quantifying the risk of a
country or region to disease outbreak based on its stock of international migrants.

ENDNOTES
! Note that My, is not normalized by the origin country's population and should not be interpreted as a weight.

2 Migrants are defined as foreign-born residents or foreign citizens. In developing countries where refugees were
not included in population censuses. Data on refugees from the Office of the United Nations High Commis-
sioner for Refugees and the United Nations Relief and Works Agency for Palestine Refugees in the Near East
were added to construct the total stock of migrants.

3 To account for the large number of zeroes in the COVID infection data, we add one to COV, prior to taking
logs. We also show that our key result is robust to using an inverse hyperbolic sine (IHS) transformation.

4 Chinese Health officials informed WHO about a cluster of 41 patients with pneumonia in Wuhan, Hubei Prov-
ince on 31 December 2019. https://www.who.int/news-room/detail/08-04-2020-who-timeline—covid-19

® Quarantine data come from the Government of Bangladesh data published on the following site: https://
corona.gov.bd/, accessed on April 16, 2020. The distress call data tracked the location of the origins for the calls
placed on the hotline between March 22 and April 12, 2020. Correlations between COVID-19 cases and quaran-
tines and distress calls remain significant after we control for district level measures of medical facilities, pre-
paredness for COVID-19, medical staff availability, and other logistical preparation.
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© Testing per capita was three times as high in Pakistan compared to Bangladesh, four times as high in Romania
compared to Ukraine, seven times as high in El Salvador compared to Guatemala, and 10 times as high in
Uruguay compared to Bolivia, Worldometers.info, accessed on April 1, 2020.

7 China has been using contact tracing applications since February while India launched the Aarogya Setu on 2 April
2020. Meanwhile, Ghana has also developed a COVID-19 tracker app to help trace people infected with the virus
amongst other LMICs. A full list of countries using different private and public sector launched apps including their
coverage can be found here: https://www.top10vpn.com/news/surveillance/covid-19-digital-rights-tracker/
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TABLE A2 Bangladesh case study: Regression of migrant stock data from administrative and survey data on
airport arrival data.

(log) Number of arrivals from CAAB data

District level

(€Y) ) 3
(Log) Migrants (HIES, 2016) 0.464%** —0.0113
—6.54 (—0.09)
(Log) Migrants (BMET Avg 2015-2019) 0.731%** 0.744%**
—8.81 —4.51
Constant 4.698**+* 3.030%** 3.031%**
—6.39 —4.13 —4.09
R® 0.408 0.556 0.556
Number of districts (obs) 64 64 64

Note: The dependent variable is the logarithm number of arrivals using airport arrival data from the Civil Aviation Authority of
Bangladesh (CAAB). In column 1, the independent variable is the logarithm of the number of migrants calculated from the
nationally representative Household Income and Expenditure Survey (HIES, 2016). In column 2, the independent variable is
the logarithm of the number of average annual out-migrants calculated from data from the Bangladesh Bureau of Manpower
Employment and Training (BMET) for the years 2015 to 2019. All regressions are at the district level. ***p < 0.01,

**p < 0.05, *p < 0.1.

TABLE A3 Bangladesh case study: Correlation between COVID-19 risk exposure index and COVID-19 cases
at the district and sub-district level.

@ (¢))

Variables District Sub-district

L2. Exp 0.06285 0.137%%*
(0.054) (0.031)

Cons 4.396%** 1.606***
—0.081 —0.038

Obs 576 4887

R-sq 0.90 0.85062

# regions 64 543

Note: The dependent variable is the log of confirmed COVID-19 cases per person at the district (column 1) and sub-district
(column 2) levels. Exposure is the exposure measure as defined in Equation 4 (in logarithm). We control for respective regional
and week fixed effects for all specifications. The sample period is 10 weeks from January15, 2020 to March 24, 2020. Robust
standard errors clustered at the regional level are reported in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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FIGURE A1l Sensitivity analysis using receiver operating characteristics (ROC). We show sensitivity analysis
using receiver operating characteristics (ROC) and area under curve (AUC) for four different cut-offs of our
COVID-19 index in predicting high risk substantial and high-transmission regions using the United States
Center for Disease Control (CDC) Indicator of Community Transmission (CDC, 2022). For index cut-offs that
are at the mean, median and 75th percentile, our analysis show that the AUC is above 0.7, indicating strong
predictive power of our COVID-19 index for high transmission regions.

Correlation of top migrant destination countries

Top 5% LMIC migrant destinations

T T T T
0 2 4 .6 .8 1

Destinations of migrants from top 5% LMIC destination countries
Correlation coefficient: -0.45

FIGURE A2 Correlation between destination of LMIC out-migrants and immigrants. Graph shows the
degree of correlation between the destination countries of LMIC migrants (x-axis), and the destination countries
of the emigrants from these respective LMIC destination countries (y-axis). Correlation coefficient of —0.45 is
significant at the 5% level.
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