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Abstract 

Background  Factors influencing the health of populations are subjects of interdisciplinary study. However, data-
sets relevant to public health often lack interdisciplinary breath. It is difficult to combine data on health outcomes 
with datasets on potentially important contextual factors, like political violence or development, due to incompatible 
levels of geographic support; differing data formats and structures; differences in sampling procedures and wording; 
and the stability of temporal trends. We present a computational package to combine spatially misaligned datasets, 
and provide an illustrative analysis of multi-dimensional factors in health outcomes.

Methods  We rely on a new software toolkit, Sub-National Geospatial Data Archive (SUNGEO), to combine data 
across disciplinary domains and demonstrate a use case on vaccine hesitancy in Low and Middle-Income Countries 
(LMICs). We use data from the World Bank’s High Frequency Phone Surveys (HFPS) from Kenya, Indonesia, and Malawi. 
We curate and combine these surveys with data on political violence, elections, economic development, and other 
contextual factors, using SUNGEO. We then develop a stochastic model to analyze the integrated data and evaluate 1) 
the stability of vaccination preferences in all three countries over time, and 2) the association between local contex-
tual factors and vaccination preferences.

Results  In all three countries, vaccine-acceptance is more persistent than vaccine-hesitancy from round to round: 
the long-run probability of staying vaccine-acceptant (hesitant) was 0.96 (0.65) in Indonesia, 0.89 (0.21) in Kenya, 
and 0.76 (0.40) in Malawi. However, vaccine acceptance was significantly less durable in areas exposed to politi-
cal violence, with percentage point differences (ppd) in vaccine acceptance of -10 (Indonesia), -5 (Kenya), and -64 
(Malawi). In Indonesia and Kenya, although not Malawi, vaccine acceptance was also significantly less durable in loca-
tions without competitive elections (-19 and -6 ppd, respectively) and in locations with more limited transportation 
infrastructure (-11 and -8 ppd).

Conclusion  With SUNGEO, researchers can combine spatially misaligned and incompatible datasets. As an illustra-
tive example, we find that vaccination hesitancy is correlated with political violence, electoral uncompetitiveness 
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and limited access to public goods, consistent with past results that vaccination hesitancy is associated with govern-
ment distrust.

Keywords  Data science, Vaccination, COVID-19, Political, Hesitancy, LMIC, Development, Elections

Introduction
Analyses of health survey data often require linking sur-
veys with information from other datasets on geographic 
contexts. There are many local social, economic and 
political factors relevant to health outcomes, but contex-
tual data can be difficult to integrate with survey data, 
precluding interdisciplinary investigations. For example, 
a recent urgent problem has been to understand COVID-
19 vaccine hesitancy in lower and middle income coun-
tries (LMICs). Vaccine hesitancy surveys often include 
questions about respondents’ intent to vaccinate, expo-
sure and beliefs surrounding COVID, and basic demo-
graphics. Some also include questions on household-level 
socioeconomic conditions and individuals’ trust in the 
government. These surveys typically do not contain con-
textual and environmental information that may influ-
ence attitudes, like violence, elections or infrastructure. 
Data on these topics exist, but usually are from differ-
ent sources, in different formats, and at different spatio-
temporal levels of analysis, creating technical barriers to 
incorporating these data into analyses.

The Sub-National Geospatial Data Archive (SUNGEO) 
offers a new set of tools to address challenges of combin-
ing data with misaligned spatial units and boundaries, 
different geographic supports, data formats, and meas-
urement strategies. SUNGEO’s goal is to reduce barri-
ers to data integration, allowing researchers to probe the 
generalizability of empirical results to other geographic 
and historical contexts, and distinguish case-specific idi-
osyncrasies and short-term variation from broader trends 
and patterns. These open-source tools enable the trans-
formation of data onto a common spatio-temporal scale, 
accounting for spatial misalignment, disharmonization, 
and differences in measurement. We create bespoke data-
sets and analyze data on vaccine hesitancy in three LMICs 
to illustrate how our approach can empower researchers 
to ask questions not answerable with a single data set, and 
facilitate assessments of generalizability and robustness.

This demonstration focuses on three contextual fac-
tors potentially relevant to vaccine hesitancy: political 
violence, electoral competitiveness, and economic devel-
opment. We test three hypotheses: 1) there is more vacci-
nation willingness where political violence is low; 2) there 
is more vaccine willingness where elections are highly 
competitive; and 3) there is more vaccine willingness 
where the local level of economic development is high. 
These hypotheses emerge from past literature, showing 

that exposure to violence tends to decrease trust in gov-
ernment institutions, that incumbents in more competi-
tive seats have an incentive to implement effective public 
policies, and that mass vaccination campaigns are more 
difficult to implement in underdeveloped areas [1–4]. We 
test these hypotheses in Indonesia, Malawi, and Kenya, 
by integrating spatially misaligned datasets using the 
SUNGEO software package and data repository. This 
paper illustrates the use case for SUNGEO, and serves 
as a starting point for additional research on improving 
uptake of COVID-19 and other vaccines.

Methods
Testing vaccine hesitancy hypotheses using multiple 
datasets presents challenges. Datasets associated with 
household-level and contextual factors have different 
geographic support, defined as the area, shape, size, and 
orientation of spatial measurement. Data on vaccine 
acceptance tend to come from household-level surveys; 
data on political violence are typically point-level event 
coordinates; data on elections tend to be measured by 
electoral constituencies (e.g. legislative districts); key 
development indicators, like road infrastructure, may 
be available as polyline features. These data come in dif-
ferent formats and structures (delimited text, vectors of 
location attributes, raster images); areal units are not 
nested and have misaligned borders; some of the data 
(e.g. surveys) may not be georeferenced at all. Different 
data integration choices may yield different results, rais-
ing concerns over generalizability [5]. Differences in sam-
pling, question wording and sequence, primary sources, 
operational definitions, digital image processing algo-
rithms, and other factors ensure that no two datasets are 
perfect substitutes for one another, making it difficult 
to distinguish case-specific idiosyncracies from general 
patterns, and to ask, "what does country A tell us about 
country B?" Finally, survey data pose a separate challenge 
of distinguishing "snapshots" of public attitudes from 
stable long-term trends. We illustrate how to mitigate 
some of these common challenges. The SUNGEO system 
accounts for these issues.

SUNGEO
SUNGEO allows users to combine data across otherwise 
incompatible geographic units into a common format, 
and facilitates the analysis and visualization of processed 
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geospatial data (Fig.  1). It includes a user-friendly web 
interface and API, where researchers can select among 
many existing variables, choose levels and methods of 
spatiotemporal (dis)aggregation, interpolation and inte-
gration, and decide on the boundaries of their subna-
tional datasets. Its large collection of pre-processed data 
enables users to replicate their research designs across 
different scales, data sources, countries, and integration 
procedures. SUNGEO also includes an open-source soft-
ware package in the R statistical programming language 
to process user-supplied data, merge it with pre-loaded 
geo-referenced data, and produce a more customizable 
output based on user needs and specifications. It includes 
an archiving tool, which allows users to contribute origi-
nal data to the repository.

Description of the datasets
This demonstration uses vaccination hesitancy data from 
the World Bank Group’s High Frequency Phone Surveys 
(HFPS). The HFPS was a longitudinal cohort (panel) 
study on the socio-economic impacts of COVID-19 con-
ducted in 53 countries and contexts between 2020 and 
2022, with a subset of surveys including questions on vac-
cination hesitancy. We analyzed surveys from Indonesia, 
Kenya, and Malawi, as they: 1) were larger surveys with 
rigorous sampling methods representative of the general 

population; 2) included granular geographic informa-
tion; and 3) were from three distinct regions (East Africa, 
Southern Africa, and South-East Asia). The survey data-
sets include sampling weights, based on the inclusion 
probabilities of the cell phones and landlines through 
which respondents were reached, along with first-time 
and attrition non-response weighting adjustments, and 
calibration with auxiliary information on regional popu-
lation size, respondent sex, age group, and educational 
attainment. More information on each dataset can be 
found from the World Bank Group [6].

Contextual variables were provided from SUNGEO’s 
preprocessed spatial data archive. Sub-national data on 
political violence are available for 195 countries through 
SUNGEO’s partnership with the xSub data repository, 
which hosts leading event databases, including the Armed 
Conflict Location and Event Data Project (ACLED), the 
National Violence Monitoring System (NVMS), the Social 
Conflict Analysis Database (SCAD), and the Uppsala 
Conflict Data Program’s Georeferenced Event Dataset 
(UCDP-GED). We chose among these by re-estimating 
our empirical models with each dataset on violence, and 
selecting the data source that yielded the strongest model 
fit (NVMS for Indonesia, UCDP-GED for Kenya, SCAD 
for Malawi; see Additional file 2: Appendix B3). Data on 
legislative elections in 168 countries are available through 

Fig. 1  Overview of the SUNGEO system
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the Constituency-Level Elections Archive (CLEA). As a 
proxy measure for economic development, we used local 
road density, which can be calculated using the Global 
Roads Open Access Data Set (gRoads). More informa-
tion on these datasets can be found from their respective 
sources [7–11]. We also used SUNGEO to extract data 
on other geographic variables that may affect attitudes 
toward, or the availability of, vaccines. These include 
ethno-linguistic fractionalization, average night light 
intensity, and terrain (see Additional file 2: Appendix B2 
for details and estimation results) [12–14].

Data curation process

a. Vaccine surveys

	 HFPS data are available through the Inter-uni-
versity Consortium for Political and Social Research 
(ICPSR). ICPSR secured the World Bank’s permis-
sion to access HFPS data, then carried out a disclo-
sure risk review to prevent direct or inferential re-
identification of individuals or organizations. The 
curation process included generating question text 
employing the social science variables database to 
compare across studies,reviewing data to ensure all 
translations were correct and to create the variable 
and values list, conducting quality control, and host-
ing of the data on the ICPSR website in a fully search-
able format. Further detail can be found in Additional 
file 1: Appendix A. In Additional file 2: Appendix B1, 
we examine sample attrition patterns across rounds, 
and find that respondents who dropped out of these 
samples were statistically similar on observables to 
those who remain.
b) Contextual data
	 Disaggregated data on violence, elections and 
economic development are available through SUN-
GEO. In aggregate form, the violence data are event 
counts, representing the number of incidents of 
political violence observed in each spatial unit over 
the two decades prior to the first survey. The elec-
tion data are weighted averages of local "Top-1" com-
petitiveness from the most recent legislative election, 
measured as one minus the winning vote margin, 
where values of 1 indicate that the most recent parlia-
mentary election was very close, and 0 indicates that 
it was not competitive because the winner received 
almost all of the votes. We also considered alterna-
tive measures of electoral competitiveness, but the 
"Top-1" measure yielded a generally stronger model 
fit (Additional file 2: Appendix B3). The road density 
data are local sums of primary and secondary road 

lengths in each administrative unit, divided by that 
unit’s area in square kilometers.

For each country, we used SUNGEO to extract data 
on political violence, legislative election data, and road 
infrastructure data, along with other contextual data-
sets (Additional file  2: Appendix B1). For Indonesia 
and Malawi, our spatial units were level-2 administra-
tive divisions. For Kenya, we used level-1 administrative 
divisions.

To link data to household-level vaccine surveys, we 
used SUNGEO’s R package to geocode survey sampling 
units, assigning a pair of geographic coordinates to each 
unique location. This allowed us to match each surveyed 
household to its corresponding level-2 (or level-1, in 
Kenya) spatial unit, and merge the datasets geographi-
cally (see Additional file 2: Appendix B1).

Estimation strategy
We examined why some households express stable, pro-
vaccine preferences, while others remain vaccine hesi-
tant, or change their minds. Vaccine hesitancy varies 
spatially (across households) and temporally, with house-
holds changing their position. In the Indonesian survey, 
73% of households gave the same answer to the vaccine 
intent question in two consecutive rounds (e.g. "yes" 
in rounds 4 and 5, or "no" in rounds 4 and 5). In Kenya, 
68% gave the same answer across two rounds. In Malawi, 
63% gave the same answer. Because the same households 
may give different responses on different occasions, we 
needed an empirical strategy that explicitly accounts for 
this shifting dynamic.

We modeled the survey responses as a stochastic pro-
cess (Markov Chain) with two states. When asked the 
question, “if the vaccination was available for you at no 
cost, would you take the vaccination,” a household may 
either:

1.	 Express an intent to receive the Covid-19 vaccine 
("yes"), or

2.	 Not express such an intent ("no").

From one round to another, a household will have 
some probability of staying with their previous 
response, and some probability of transitioning to 
another response. We model these transition probabili-
ties as conditional on a series of household-level and 
contextual covariates:

(1)
Pr(yi,t = 1) = logit−1 xiθ0 + yi,t−1 · xiγ + αk(i) + τt + εi,t
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where yi,t is 1 if household i says "yes" in round t, and 0 if 
the household says "no", yi,t-1 is a first-order temporal lag, 
αk(i) is a fixed effect for the administrative unit k in which 
i is located, τt is a fixed effect for each survey round, and 
εi,t are robust standard errors, clustered by administra-
tive unit and survey round. The vector of covariates xi 
includes household-level measures like respondent’s age 
and gender, and an indicator for whether the household 
is located in an urban area, as well as contextual informa-
tion on violence, electoral competitiveness, road density, 
night light intensity, ELF, and terrain.

θ0 are regression coefficients for households that said 
"no" to the vaccine at t-1, and θ1 = θ0 + ɣ are coefficients 
for households that said "yes" at t-1. We will use these 
coefficient estimates to generate predicted probabilities 
of vaccine intent, and to construct transition probability 
matrices.

We estimated the model in Eq.  (1) separately on inte-
grated survey datasets from Indonesia, Kenya and Malawi.

Results
The full set of summary statistics, coefficient estimates 
and simulation results are in Appendix B2.

Probabilities of vaccine intent transition in Indonesia
Table  1 shows a transition probability matrix for a 
median Indonesian household, based on the estimated 
parameters of the model in Eq.  (1).1 Additional file  2: 
Appendix B2 reports analogous tables for the other two 
countries. Most households are likely to stay with their 
previous answer, particularly if that answer was "yes" (i.e. 
willing to take the vaccine). All else equal, 35% of house-
holds that said "no" in round t-1 are predicted to say "yes" 
in round t. Meanwhile, just 4% of households that said 
"yes" in round t-1 are predicted to switch to "no" in the 
next round.

Through an eigenvalue decomposition of this transi-
tion matrix, we can obtain the stationary distribution of 
vaccination intent for a median Indonesian household. 
Over time, 90% of households will commit to an answer of 
"yes", and 10% will commit to an answer of "no". We found 
similar stationary distributions in Kenya (0.88 to 0.12) and 
Malawi (0.72 to 0.28) (Additional file 2: Appendix B2).

The results reported so far apply to households located 
in a median administrative unit (i.e. median levels of vio-
lence, electoral competitiveness, road density, etc.). To 
test our three hypotheses, and assess how these long-run 
probabilities change under different local conditions, we 
re-estimate the stationary distribution under counterfac-
tual scenarios.

Violence
For the first hypothesis, the predicted stationary distri-
butions in Fig. 2 suggest that households with a greater 
potential exposure to violence are more vaccine hesitant. 
In all three countries, the long-run probability of say-
ing "yes" to the vaccine intent question is significantly 
lower among households in high-violence locations, and 
higher in low-violence locations. Indonesian households 
in high-violence areas (99th percentile) have an 85% 
chance of saying "yes"; in low-violence areas (1st percen-
tile), the number for "yes" rises to 95%. In Kenya, house-
holds in high-violence areas have a 86% chance of saying 
"yes", while households in low-violence areas have a 91% 
chance of saying "yes". In Malawi, the gap is even wider: 
7% versus 71%. In each case, these differences are statisti-
cally significant at the 95% confidence interval.

Elections
The stationary distributions in Fig. 3 are largely support-
ive of the second hypothesis. In Indonesia, households in 
less-competitive areas (1st percentile) have a 73% chance 
of saying "yes" to the vaccine in the long-run; in more 
competitive locations (99th percentile), the "yes" esti-
mate rises to 92%. In Kenya, the "yes" numbers are 83% in 
less-competitive locations and 89% in more-competitive 
ones. In both countries, these are significant at the 95% 
confidence interval. In Malawi, the differences are in the 
same direction –- 67% "yes" in less-competitive locations, 
72% in more-competitive ones –- but the large standard 
errors prevent us from drawing definitive conclusions.

Economic development
The results in Fig. 4 are generally consistent with our final 
hypothesis. In the counterfactual stationary distributions 
for Indonesia, 96% of households in high road density 
areas (99th percentile) are expected to say "yes", com-
pared to 85% in low road density areas (1st percentile). In 
Kenya, the estimates are 92% "yes" in high density areas, 

Table 1  Transition probabilities for a median Indonesian 
household

Each cell in the matrix conveys the probability of transitioning from one 
state at time t-1 (in the rows) to another state at time t (in the columns). The 
diagonal cells represent probabilities of staying in either the "no" or "yes" state; 
off-diagonal cells represent probabilities of switching from "no" to "yes" (upper 
right) or "yes" to "no" (lower left)

Answer in current round:

Answer in previous round: "No" "Yes"

"No" 0.65 0.35

"Yes" 0.04 0.96

1  The values are predicted probabilities from model (1), setting all covariates 
to their median values.
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and 84% "yes" in low density areas. In Malawi the differ-
ence is statistically insignificant.

In Additional file 2: Appendix B2, we report similar coun-
terfactual stationary distributions for all other covariates 
included in our models. In all three countries, the long-run 
probability of saying "yes" to the vaccine is lower for older 
respondents and for respondents who live in more ethni-
cally fractionalized areas. Results for other covariates, like 
sex and urbanization, are more variable across countries.

Discussion
While the goal of our analyses is to demonstrate the capabil-
ities of SUNGEO, rather than establish causality, the results 
from our study bear notice. In all three countries, contex-
tual factors relate to trajectories of vaccine hesitancy among 
households. Households were less likely to be vaccine 
acceptant, and likely to become even more vaccine hesitant 
over time, if their local administrative area had experienced 
high levels of political violence in recent years. In Kenya and 
Indonesia, households in areas where elections are tightly 
contested are more likely to be vaccine acceptant initially, 
and more likely to move away from vaccine hesitancy over 
time. Economic development also correlates with greater 

vaccine acceptance in Indonesia and Kenya, although we 
find no significant association in Malawi.

The impact of violence, electoral competitiveness 
and development on vaccination hesitancy
This study is unique in that it enables potential insight 
into the association between local contextual factors 
of violence, electoral competitiveness, development 
and vaccination hesitancy. Our findings are consistent 
with other research in Kenya on the role of institutional 
trust, which found that increased government trust was 
associated with decreased vaccination hesitancy [15]. In 
Western Europe, Kennedy (2019) found an association 
between vaccine hesitancy and distrust of political elites 
and experts, complementary to our findings in Kenya. 
Past studies have also found associations between vac-
cination hesitancy and socioeconomic status, which we 
may expect to be higher, on average, among households 
who reside in more economically developed areas [16, 
17]. Past research in political science has shown that 
exposure to violence can undermine individuals’ con-
fidence in the government, while competitive elections 
make incumbents more publicly accountable, and more 

Fig. 2  Exposure to violence and vaccine hesitancy. Dark gray bars represent proportions of respondents predicted to commit to an answer of "yes" 
on the vaccine intent survey question. Horizontal brackets represent bootstrapped 95% confidence intervals
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developed infrastructure can improve the delivery of 
public services [3, 18, 19].

To the extent that violence, elections and development 
have downstream implications for government trust, and 
mistrust in government can heighten vaccine hesitancy, 
our findings carry several policy implications. While 
institutional trust is not easily manipulated by policy-
makers, knowing where this trust might be most lacking 
can help policymakers more efficiently allocate scarce 
resources. Looking beyond targeted public information 
campaigns, our findings suggest that general efforts to 
decrease violence, increase electoral competitiveness, 
and expand transportation infrastructure may have posi-
tive externalities for vaccine acceptance.

It is important to consider why associations between 
local context and vaccine hesitancy are weaker in Malawi 
than in Indonesia or Kenya. Our analysis utilized the same 
data sources across countries, the same geospatial trans-
formation methods, the same operationalizations and 
scales of key variables, the same model specification, and 
–- with the exception of Kenya –- the same level of admin-
istrative units. While our within-country analyses were not 
perfect clones of each other, SUNGEO allowed us to hold 
these specific elements of research design constant, and 

exclude them as potential sources of the disparity. There 
were some key differences: 1)survey data on Malawi had a 
significantly smaller sample size of 596 unique households, 
compared to 1847 for Indonesia and 7616 for Kenya, this 
reduced statistical power; 2) the Malawi panel survey had 
fewer rounds of questions about vaccine hesitancy: 2, com-
pared to 4 and 5 for Kenya and Indonesia, so there is less 
information in the Malawi data about the evolution of the 
stochastic process over time; 3) there may be important 
unobserved differences in each local context, for which our 
estimation strategy did not fully account.

Limitations
There are limitations of this analysis and method, and 
we suggest several steps to address these. First, survey 
questions on vaccination hesitancy were hypothetical. 
In Indonesia, 68% of households who expressed intent 
to be vaccinated in one round did not report being vac-
cinated by the next round.2This number, however, may 
reflect difficulties in accessing the vaccine, not only lack 

Fig. 3  Electoral competitiveness and vaccine hesitancy

2  We excluded households from estimation in survey rounds when they 
reported taking the vaccine, since the vaccine intention question was not 
asked of these respondents.
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of follow-through on the part of respondents. Second, 
social desirability bias may have caused respondents to 
misrepresent their true intent, especially in later rounds 
of the survey [20]. While phone surveys are less sus-
ceptible to this type of bias than face-to-face surveys, 
they cannot rule it out entirely [21]. This potential bias 
may push in either direction –- overstating the intent 
in some cases, and understating it in others –- and 
its impact on our inferences is not immediately clear. 
Third, because enumerators typically interview the 
head of household, our analysis rests on the assumption 
that heads of household make vaccination decisions 
on other family members’ behalf. Notably, we find no 
evidence that male heads of household differ systemati-
cally from female heads of household in their responses 
to this survey question. We explore these further in an 
accompanying paper [22].

A key limiting factor in our analyses is the geo-
graphic precision of survey sampling units. As we only 
observe the name of the administrative unit in which 
households reside, we cannot utilize variation in SUN-
GEO contextual variables within these units, and can-
not account for more disaggregated community and 

neighborhood-level effects. Our inferences are also lim-
ited by the geographic scope of HFPS surveys, which 
did not reach many administrative units, particularly 
those in rural, underdeveloped areas. While our regres-
sion analyses utilized survey weights to make the sam-
ples more representative of national populations, such 
reweighting cannot facilitate inferences in locations 
where no data exist. To correct the geographic "blind 
spots", future research should explore tools that use 
national surveys to estimate public opinion in small 
areas and subpopulations that are undersampled or 
underrepresented, including multilevel regression and 
poststratification (MRP) [23]. Although, it is impor-
tant to note that these results are not generalizable 
beyond the countries analyzed, future research could 
use SUNGEO to conduct similar analyses on additional 
countries.

Finally, we designed our estimation strategy around 
a very particular empirical phenomenon: stability and 
change in household survey responses over time. While 
our stochastic model can account for some of these shift-
ing dynamics, it is ill-suited for other types of empirical 
inquiries, like causal identification and causal mediation 

Fig. 4  Economic development (road density) and vaccine hesitancy
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analysis –- both of which are natural priorities for future 
research. In Additional file 2: Appendix B3, we report a 
battery of supplementary analyses, to evaluate the sen-
sitivity of our results to spatial autocorrelation, gen-
eral forms of cross-sectional and temporal dependence, 
selection bias, alternative data sources and measures, 
and additional cross-level interactions between respond-
ent attributes (e.g. age, sex) and contextual factors (e.g. 
violence).

Conclusion
We have introduced SUNGEO as a platform for integrat-
ing data across incompatible formats and units into anal-
ysis-ready datasets. This approach can overcome critical 
barriers in the analysis of contextual effects on health 
decisions, including differences in measurement and 
data sources across countries. SUNGEO offers a means 
to relieve such bottlenecks, and to examine whether par-
ticular integration and transformation methods matter 
for downstream results.

We invite further research to explore the generalizabil-
ity of our findings. This paper presents an illustration of 
what is possible with a data infrastructure like SUNGEO. 
There are many other health outcomes that can be stud-
ied using these techniques, including preventive health-
care, malnutrition, and disparities in service and access. 
The results here reveal patterns in data that we could not 
discover without the means to combine novel data in rig-
orous ways.

Future work related to vaccine hesitancy could 
explore mechanisms behind why households respond 
to their contexts in the ways we have observed, and 
could be enhanced by including additional countries 
and additional types of health decisions. The former 
would require additional theories as to why health 
behaviors vary across political contexts. The latter 
would broaden the scope of the analyses to general-
ize key patterns in health outcomes. We encourage 
research expanding the depth and breadth of these 
inquiries.
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