
Forecasting time-series trends in vaccination coverage and their links with socio-economic 
factors: A global analysis over 30 years   

 
A. de Figueiredo MSc1, I.G. Johnston DPhil1,2, D.M.D. Smith3, DPhil, S. Agarwal DPhil5, H.J. Larson PhD*3,4, and 

N.S. Jones PhD*1 

 
1Department of Mathematics, Imperial College London 

2School of Biosciences, University of Birmingham 
3London School of Hygiene and Tropical Medicine 

4Dept. Global Health, University of Washington, Seattle 
   5Department of Electrical Engineering, Indian Institute of Technology, New Delhi 

* corresponding authors: nick.jones@imperial.ac.uk, heidi.larson@lshtm.ac.uk 
 
Background Incomplete immunisation coverage causes preventable illness and death in both the developing and 
developed world. Identifying factors that may modulate coverage can inform effective immunisation programmes and 
policies. 
 
Methods We perform a data-driven analysis of unprecedented scale, examining time-varying trends in Diphtheria-
tetanus-pertussis coverage across 190 countries over the past three decades. Gaussian process regression is employed 
to forecast future coverage rates and provide a Vaccine Performance Index: a summary measure of the strength of 
immunisation coverage in a country. 
 
Findings Overall vaccine coverage has increased in all five world regions between 1980 and 2010, with marked 
variation in volatility and trends. Our Vaccine Performance Index identifies 53 countries with a less than 50% chance 
of missing the Global Vaccine Action Plan (GVAP) target of 90% worldwide DTP3 coverage by 2015, in agreement 
with recent immunisation data. These countries are mostly sub-Saharan and South Asian, but Austria and Ukraine in 
Europe also feature. Factors associated with DTP3 immunisation coverage vary by world-region: personal income 
(! = 0.66, ' < 0.001) and government health spending (! = 0.66, ' < 0.01) are particularly informative in the 
Eastern Mediterranean between 1980 and 2010, whilst primary school completion is informative in Africa (! =
0.56, ' < 0.001) over the same time. The fraction of births attended by skilled health staff is significantly informative 
across many world regions 
 
Interpretation A Vaccine Performance Index can highlight countries at risk identifying the strength and resilience of 
immunisation programmes. Weakening correlations with socio-economic factors indicate a need to tackle vaccine 
confidence whereas strengthening correlations points to clear factors to address. 
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Introduction 
Vaccine-preventable disease rates have decreased in many parts of the world over recent decades, but there are still 
large numbers of unvaccinated children. In 2013, UNICEF reported that there were 21.8 million children under one 
year who had not completed the DTP (diphtheria-tetanus-pertussis) immunisation series (with a similar number not 
receiving a single measles vaccination) [1]. While access to vaccinations is the primary barrier in many settings, there 
appear to be growing numbers of parents who do not immunise their children due to their own personal attitudes [2,3].  
 
The recent literature has identified both socio-economic and attitudinal barriers to vaccination coverage for a number 
of countries. A set of recurring socio-economic and demographic correlates of coverage have been found, with parental 
education level [4-8], age [6,9,10], employment status and workplace [4,6,7], religion [11], ethnicity [12], child gender 



[13], poverty [14-18], and distance to healthcare facilities [4,6,11,14,17,18] (among others) all linked to vaccine 
uptake (though there are often marked differences between countries [11]). Similarly, repeating themes are found 
when examining personal reasons for vaccine acceptance or delay which range from perceived risks around potential 
adverse events to religious or political beliefs external to, albeit influencing, vaccination [9, 19-27]. Trust in healthcare 
professionals [19,20,23,24] and the government [19,23,26] also feature highly. 
 
Recommendations to address gaps in vaccine coverage are context dependent. It has been suggested that targeting 
mothers with low education [28], low health literacy [29], and disseminating more information to communicate 
vaccine benefits and risks transparently [2] can aid in improving vaccine hesitancy. As can the customisation of 
messages and engagement efforts for specific groups [30]. Efficient identification of clusters of non-vaccinators 
through monitoring of local immunisation rates has been identified as a key public health challenge for the prevention 
of outbreaks when local groups adopt non-vaccination status (as was the case in the recent measles outbreak at 
Disneyworld, California) [31]. Monitoring trust in immunisation programmes [32] through a variety of indices [32] 
in order to understand best understand where these areas might occur, have also been proposed. 
 
Our objectives in this paper are to introduce a summary measure -- based on forecasted coverage using Gaussian 
process regression -- which may be used to describe the variability and trends in vaccine coverage induced by 
confidence and access issues and allows for an inter-country analysis of trends. We term this measure the Vaccine 
Performance Index and we interpret the values in light of the Global Vaccine Action Plan's target of attaining 90% 
coverage in all countries by 2015 [34]. We discuss implications of both the correlative study and performance index 
on immunisation strategies. Further, we perform a large-scale, worldwide correlative analysis between a range of 
socio-economic factors and vaccine coverage, identifying differences between world regions as defined by the World 
Health Organization (WHO) and identifying temporal trends. 
 
 
Methods 
Data 
A broad range of quantitative data on 190 descriptive socio-economic factors (SEFs) for 190 countries are considered 
from 1980 to 2010. Factors span (among others) the fields of economics, healthcare, industry, demographics, 
communications, infrastructure, physical geography, trade, and education; in addition to vaccination coverage. This 
breadth of SEFs is an attempt to expose, in an unbiased fashion, which indicators might be related to immunisation 
coverage. World regions are categorised by WHO region according to the definitions at 
www.who.int/about/regions/en (accessed 08/08/2013): AFR (Africa); AMR (Americas); EMR (Eastern 
Mediterranean); EUR (Europe); SEAR (South-East Asia); and WPR (Western Pacific). (See Figure 1F.) Data is 
obtained from the website Gapminder (www.gapminder.org) which draws from sources including the World Bank, 
the International Labour Organization, and the World Health Organization (WHO). A data curation approach 
involving filtering and imputation to reduce the missing data fractions is deployed and described in the Supplementary 
Materials (SM) [35], wherein we show that correlations estimated in the following section are robust to our imputation 
procedure.  
 
Vaccine coverage data -- represented as a percentage of a target group immunised -- for BCG (Bacillus Calmette-
Guérin vaccination against tuberculosis), DTP1, DTP3 (representing the first and third doses of the Diphtheria, 
Tetanus, and Pertussis vaccine and typically scheduled for six months after birth), MCV (measles-containing vaccine), 
and POL3 (the third dose of the polio vaccination programme) are obtained from the 2011 WHO-UNICEF estimates 
of vaccine coverage (www.childinfo.org/tables/Immunization/coverage/1980-2011.xls -- accessed 08/08/2013) for the 
same countries and across the same time period (though we use the latest estimates for use in our Vaccine Performance 
Index). Immunisation rates have increased across all WHO regions over the last three decades: coverage in Europe 
and the Americas leads the world, with other regions achieving less complete coverage (Figure 1A). Joint investigation 
of all vaccine time-series reveals strong mutual correlations between the DTP1, DTP3, MCV, and POL3 vaccines, but 
reveals that BCG falls outside this grouping (Figure 1B). Time-series of coverage in individual countries differ 
markedly in magnitude, variability, and trends (Figure 1C). We henceforth focus on DTP3 coverage both because of 
this high correlation and in accordance with previous literature which considers DTP3 as a marker of the strength of 
a country's immunisation programmes (as it requires three different administrations) [36]. We provide repeats of our 
correlative analysis for the other vaccines in the SM. 
 
We illustrate time-series of SEF data with two examples, rural access to water and female education, in Figure 1 D 



and E (respectively). An example scatter plot of average DTP3 coverage against female education levels for three 
regions is shown in Figure 1G. We further explore the SEF dataset by using t-distributed stochastic neighbour 
embedding (t-SNE) -- a local structure-preserving clustering technique which can improve visualisation quality of 
high-dimensional data over other clustering algorithms [37] -- on a similarity matrix S constructed by taking 
correlations between all pairs of SEFs and vaccines in a single year ,-.  (for SEF -- or vaccine -- / in year 0), and 
averaging the correlation across all 31 years: 1-2 = 31 −

5

6
| !(,2., ,2.). |, where 9 is the total number of years and ! 

is Spearman’s rank correlation between two SEFs (or vaccines). Application of t-SNE reveals strong links between 
SEFs in similar categories, in addition to revealing a separation of the BCG vaccine -- which is closer in t-SNE space 
to factors relating to health spending -- from the other four vaccines which appear to be more correlated with schooling 
variables (Figure 1H). The WHO regions are shown in Figure 1F. 
 
 

 
Figure 1 Exploration of socio-economic factors and illustrative dynamics of SEFs and DTP3 coverage. A Increasing trends in vaccine 
coverage across WHO regions with time. Leftmost circle represents 1980 coverage levels; rightmost is 2010, averaged across all 
countries in a region. B Spearman correlation between all vaccines across all countries and years. C Diversity of behaviours in 
vaccine coverage with time: countries show markedly different behaviours of DTP3 coverage with time. D, E Time-series of rural 
water access (D) and female education (E). F World regions as defined by the WHO.  G Scatter plot illustrating the link between 
DTP3 coverage and female education in 1982, coloured by WHO-region. H Visualisation of similarity matrix between all pairs of 
SEFs using t-SNE (as described in text) reveals pronounced structure throughout the set of SEFs considered. Heuristic categories 
are assigned before using t-SNE. 
 
Method for correlative analysis  
Spearman's rank correlation is used to explore links between coverage and SEFs (Figure 1G) as coverage data is 
confined to the [0,100] interval and often non-linear relationships between coverage and SEFs arise (which may be 
ordinal). To investigate the strengths of SEF correlations with coverage over time, we compute a time-averaged 
correlation between each factor :. and coverage ;. (in a given year 0) for all countries in a particular region, !(:., ;.). 
The time-average of this value is then taken, 
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where 05, 0A are the most distant and recent years, respectively. For historic trends, we consider 05 = 1980 and 0A =
2010 and, to observe recent ones, we consider 05 = 2001 To focus on the strongest signals, the top-ten correlating 
SEFs in each region across both time ranges are agglomerated for a cross-comparison of informative correlates 
between regions and we restrict these SEFs to those with a Bonferroni-corrected meta p-value (against the null 
hypothesis that the set of correlations are uninformative) of under 0.01. Included with these factors are others which 
are related and are useful for a comparison: primary school completion rate (male), improved sanitation access (overall 
and rural), and improved urban water access (see SM [35] for further details). 
 
 
Method for forecasting 
Vaccine coverage data is first transformed using the logistic transform EF = − log(

5JJ

K
− 1), where E is vaccine 

coverage, to map the coverage values to the real line, so that Gaussian distributions over data points are not truncated 
at E = 0 or E = 100. Gaussian processes -- with a squared-exponential covariance function and linear mean function 
(to account for the broadly linear increases in trend observed in this transformed space) -- are used to forecast vaccine 
coverage data, based on previous coverage values. (Please consult the SM for prediction accuracy of this method, 
which is quantified by forecasting on a test data set [35]). The predictive distribution over forecasted values is used to 
define a summary measure -- the Vaccine Performance Index -- which balances the (desirable) probability of attaining 
high future coverage against the (undesirable) probability of experiencing a future negative perturbation to coverage, 
informed by preceding trends and variability. The VPI is defined as the probability of achieving coverage in excess 
of a threshold value L, less the probability of a drop in coverage of size at least M, 
 
                                          NOPQ,R,S 0∗ = 3O E 0∗ > L − 3O[E 0∗ < 3E 0W − 3M,                                      Equation 2 
 
where 0W is the most recent point for which coverage exists, 0∗ = 0W + Y3is the forecasted point, EF 0∗ = 3Z 0∗ + [, 
where [ is normal noise (so that, for example,  0W = 1999 and 0∗ = 2000 for a country's 2000 VPI value), and where 
we map the predictive distributions back to the range [0,100].  This expression is reweightable if the reader or 
policymaker wishes to focus on a different combination of strategic properties. There are natural alternative forms to 
this index: for example, to assess the GVAP goal of achieving 90% coverage in all countries by 2015, we set Y = 2 
years, L = 90, and M = ∞ above, thus using our model to forecast the probability that coverage in 2015 will exceed 
90%. 
 
MATLAB version 2015a is used for all analyses. 
 
Role of the funding source   
The funding bodies had no role in the study design nor in any subsequent part of the data collection, analysis, 
interpretations, writing of the report, or decision to submit the paper for publication. The corresponding authors 
confirm that they had full access to the data in the study and have final responsibility for the decision to submit for 
publication. 
 
Results 
Vaccine Performance Index 
We assess countries' trends and variability by considering the probability of coverage exceeding 95% minus the 
probability of coverage dropping by over 2% one year in the future (that is, L = 95, M = 2, and Y = 1 in Equation 2). 
(Please consult the SM [35] for justification of these parameter values and alternative forms of this index, which may 
be natural alternatives that address different policymaking goals.) Figure 2A shows worldwide VPI values for these 
parameters in 2001, 2005, 2009, and 2013; trends and low index values are readily identified. We display DTP3 
coverage time-series and Gaussian process fits for the five countries with highest increases and decreases in VPI from 
2009-2013 (Figure 2B and C). Malta has the most improved VPI between 2009 and 2013, since in 2009 Malta has 
sharply decreasing coverage rates, which have since fully recovered. Romania has the most deteriorated VPI value, 
since high and steady coverage values have gradually worsened. (VPI values are listed in the SM Table 3 [35].) 
 
The consistently high-performing countries include Saudi Arabia, Russia, Hungary, and Slovakia which have had 



consistent DTP3 coverage rates in the high 90s since at least 2000. The UK, US, Canada, Australia, and New Zealand 
have historically lower VPIs, which have improved in the UK, US, and Canada, but a notable disparity is that they 
remain low in Australia and New Zealand.  
 
 

 
 
Figure 2 A Vaccine Performance Index highlights regions with a large probability of variable coverage below the 95% 
threshold. A The performance index (VPI; Equation 2) for all countries 0W = 2001, 2005, 2009 and 2013. Sub-Saharan Africa, 
parts of Southern and South-East Asia and some European countries have low VPI. White represents missing data. B Countries 
with the largest improvement in VPI between 2009 and 2013 (Malta is most improved). C Countries with the largest decrease in 
VPI over the same period (Romania has the most deteriorated performance). WHO-UNICEF coverage estimates are in blue with 
the observed (test) value in 2013 in red; the mean of the Gaussian process in black, and shaded 95% confidence intervals for 
training (blue) and forecasted (red) data. We show 2013 as the red vertical line. 
 
More generally, Europe, North and Central America, and much of Asia has shown steady progress since 2005; in 
contrast, South America, the Indian subcontinent and sub-Saharan Africa have shown little signs of improvement. 
Perhaps surprisingly, there are many European countries struggling to increase coverage to top levels: Norway, 
Iceland, Ukraine, and Romania — despite reasonably high 2013 DTP3 coverage rates (83%, 91%, 94%, and 89% 
respectively) — all have VPI values far from +1 signifying coverage rates which are below 95% and show little sign 
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of improvement beyond this threshold. Africa is mixed: North African countries show high VPI levels, whereas sub-
Saharan Africa generally shows low VPI values due to high variability and low coverage, with some exceptions, 
notably Rwanda, Burundi, Botswana, and Zimbabwe. These low and volatile coverage rates are a likely sign of the 
vast number of people in sub-Saharan Africa with poor continued access to latter doses in the DTP programme. 
 
South East Asia generally performs poorly; many countries have VPI values close to -1, indicating high chances of a 
drop in coverage in the following year. Many Eastern Mediterranean countries show clear improvement over the past 
decade: with countries here typically presenting high, sustained coverage rates, although there are notable exceptions 
in Syria, Iraq, Pakistan, Afghanistan, and Yemen. 
 
Forecasting vaccine coverage with respect to Global Vaccine Action Plan goals 
To assess the GVAP's goal of achieving 90% coverage in all countries by 2015, we use our Vaccine Performance 
Index in Equation 2 with Y = 2 years, L = 90, and M = ∞; hence, we use our simple Gaussian process model to 
forecast the probability that coverage in 2015 (2 years after the most recent available datapoints, in 2013) will exceed 
90%.  
 

 
 
Figure 3 Extrapolation of current trends based on our Gaussian process model reveal countries which may fail to reach GVAP 
targets. A 53 countries have more than a 50% chance of failing to meet GVAP 2015 targets if current DTP3 trends continue. B 
Histogram of index values. 
 
Figure 3 shows values of this index (GVAP marker). This analysis yields a bimodal distribution (Figure 3B), where 
countries are set to either comfortably reach this goal or to fall rather short of it (with the exception of South America, 
which has many borderline countries). We find that European countries generally perform better than other regions 
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Nauru, Nepal, Norway, Palau, Paraguay, Peru, Romania, Samoa, Senegal, Trinidad and Tobago, Tuvalu, United 
Republic of Tanzania, Viet Nam, Yemen, Zimbabwe.

0.1 ≤ VPI < 0.5: Barbados, Comoros, Korea, Democratic People's Republic of, Djibouti, Dominican Republic, Lao 
People's Democratic Republic, Liberia, Mauritania, Micronesia, Federated States of, Namibia, Panama, Republic of 
Moldova, San Marino, Solomon Islands, Suriname, Togo, Ukraine. 

VPI < 0.1: Afghanistan, Austria, Benin, Central African Republic, Chad, Congo, Cote d'Ivoire, Democratic Republic of 
the Congo, Equatorial Guinea, Ethiopia, Gabon, Guinea, Guinea-Bissau, Haiti, India, Indonesia, Iraq, Kenya, Lebanon, 
Madagascar, Mali, Marshall Islands, Mozambique, Burma, Niger, Nigeria, Pakistan, Papua New Guinea, Somalia, South 
Africa, Syrian Arab Republic, Timor Leste, Uganda, Vanuatu, Venezuela, Zambia.

 0.0

 0.5

 1.0

Pe
rf

or
m

an
ce

 In
de

x
(τ

 =
 2

, v
 =

 9
0,

 d
 =

 ∞
)

0 0.2 0.4 0.6 0.8 1
0 

20 
40 
60 
80 

100 
120 

Performance Index (τ = 2, v = 90,  d = ∞)

fr
eq

ue
nc

y

A

B



(with the notable exceptions of Denmark, Iceland, Romania, Austria, Moldova, San Marino, and Ukraine) with an 
almost certain chance of reaching the GVAP goal (based on their recent trend). Countries from sub-Saharan Africa 
and the Indian subcontinent (with only few exceptions) seem likely to drastically miss the GVAP target. We note that 
this inference and forecasting approach highlights both regions that require stronger action and those borderline 
countries where comparatively minor action may realise the GVAP goal.  
 
Socio-economic correlations with vaccine coverage over time  
The most consistently correlating historic (1980-2010) and recent (2001-2010) socio-economic underpinnings of 
vaccine coverage are displayed in Figure 4A. From the broad range of 190 socio-economic factors (SEFs) considered, 
those in Figure 4A can be interpreted as those most likely to have a genuine (and consistent) link with DTP3 coverage. 
 
The strength of correlation between SEFs and DTP3 coverage varies between region, over time, and across factors. 
Births attended by skilled health staff and access to sanitation are the two factors which have mean-averaged p-values 
below 0.05 across the largest number of regions. In Africa, the Americas, and Europe, the magnitude of correlations 
are high historically but have decreased recently and show behaviours which are broadly comparable: the importance 
of access to water and sanitation, births attended by skilled health staff, and economic factors in determining coverage 
is historically high but diminishing (and decreasing particularly strongly in the Americas). An exception to this is the 
correlation with the service industry (the service SEF is the net output of the service industry, defined as wholesale 
and retail trade, transport, and other governmental services such as education and healthcare. See 
http://data.worldbank.org/indicator/NV.SRV.TETC.ZS for a comprehensive definition), which is reasonably high and 
increasing in Africa and the Americas. By contrast in the Eastern Mediterranean and the West Pacific we see that 
SEFs have remained correlated over time. South East Asia has a more mixed pattern of recent changes in socio-
economic connections, with, for example, a decreasing link to primary school completion rates and an increasing link 
to water access and sanitation. 
 
In Africa and the Eastern Mediterranean, educational variables and access to water are particularly informative of 
DTP3 coverage; whilst in the Eastern Mediterranean government health spending, income metrics, access to 
sanitation, phone users, and CO2 emissions are also strongly linked with coverage. Socio-economic correlates are 
generally low (recently and historically) in Europe, and are reasonably low in the Americas. In South East Asia, 
education ratio and access to water are notably high correlates, and ones that have not decreased in importance. In the 
Western Pacific region, births attended by skilled health staff is the strongest correlate (and one that appears to be 
becoming more informative of DTP3 coverage). 
 
The association between public health spending and coverage varies globally, with a strong link in the Eastern 
Mediterranean and rather weaker links in South East Asia, Africa, and the West Pacific (where the link is increasing), 
and the Americas (where it is decreasing). Only in the Eastern Mediterranean is GDP per capita the strongest correlate 
of vaccine coverage; in all other regions the strongest links are with less directly economic factors. 
 
We observe a significant difference between the correlation strength between DTP3 coverage and male and female 
education (Figure 4B) in Africa and South East Asia (' ≤ 0.001 for both using a t-test for paired samples). (There is 
no significance at ' ≤ 0.05 for the other regions, though we note that paternal education is more informative in the 
West Pacific ' = 30.07). 
 
In Figures S10 and S11, we plot these correlations for the other vaccinations we examine. Some notable observations 
arise from the comparison of these other vaccines with DTP3. One regional trend is that the influence of public health 
spending and access to sanitation in South East Asia, moderate for DTP3, is very high and often increasing for other 
vaccines. Another striking observation is that the Eastern Mediterranean, which displays stable or decreasing 
correlations with several socio-economic factors for DTP3, instead shows increasing links with all factors (except 
investments) for BCG. The Americas, which show decreasing correlations for most factors with DTP3, show decreases 
to almost Europe-like absences of coverage correlation in DTP1 and MCV, though all other regions and factors show 
similar behaviours between DTP3 and MCV coverage. Europe is broadly the same across all vaccines except BCG, 
where there appear to be negative relationships between factors such as government health spending, sanitation access, 
and income and BCG coverage. 
 
 
 



 
 
Figure 4 Historic and recent best-performing correlates with DTP3 coverage include factors relating to education, 
health, access to water and sanitation, and economics. A Groups of key SEFs, obtained by collecting the top 
correlating SEFs in each region across the time-periods 1980-2010 and 2001-2010. Only factors displaying the most 
consistent nonzero correlations with coverage are presented. Spearman's ! is represented for 1980-2010 in thick dark 
bars, whilst for 2001-2010 it is represented in thin light bars. Mean p-values are displayed in black for 1980-2010 
and red for 2001-2010: *** denotes ' < 0.001; ** denotes  ' < 0.01; * denotes ' < 0.05; and ◊ denotes ' < 0.10. 
B Time-series of the Spearman's ! between DTP3 coverage and female (blue) and male (red) education. 
 
Discussion 
We have performed a large-scale, data-driven study of links between socio-economic factors and vaccine coverage, 
and have constructed a performance indicator that can quantitatively approximate measures of the susceptibility of 
immunisation programmes to coverage losses. In keeping with these earlier studies, we have found a number of socio-
economic factors informative of immunisation levels, such as healthcare facilities [3] and educational variables [4-8]. 
The recent literature has indeed identified numerous socio-economic and attitudinal barriers to vaccination coverage 
for a number of countries, such as parental education level [4-8], age [6,9,10], employment status and workplace 
[4,6,7], poverty [14-18], inequity [38], and distance to healthcare facilities [4,6,11,14,17,18]. A recent review has 
emphasised the link between out-of-hospital birth and lower immunisation rates in countries with a medium or low 
Human Development Index, and has associated the use of private health care services, and no health insurance with 
low immunisation levels in countries with very high HDI [39]. In keeping with these findings, we also find a link 
between income and births attended by skilled health staff and immunisation levels. We believe we are the first to 
identify several other potential barriers to immunisation coverage; for example, the link between governmental health 
spending and primary completion levels (in addition to income) across Eastern Mediterranean countries and access to 
water and primary completion rates in Africa. 
 
We suggest that having a set of low-magnitude socio-economic correlations with vaccine coverage corresponds to an 
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encouraging state where vaccine access is available to most of the population. Conversely, where strong socio-
economic correlations exist, they signal potential limiting factors in vaccine access, though further analyses would 
need to be employed to infer causation between these factors and coverage. Hence, Europe, displaying consistently 
low socio-economic correlations, enjoys high access to all vaccines; however, it suffers from non-infrastructural 
barriers to vaccination that centre on religious or philosophical beliefs and perceived risks rather than access, which 
we suspect is in contrast to other regions in which access is the primary barrier [3,40]. The Americas, interestingly, 
show low (and decreasing) socio-economic correlations with DTP1, MCV, and BCG, but higher correlations (though 
currently decreasing) associated with DTP3. This pattern suggests a transitional stage wherein vaccines in the region 
are broadly accessible, but where certain factors (including medical staff present at births) are limiting uptake of DTP3. 
This seems to be supported in the literature, which cites a range of socio-economic determinants (including refusal 
from groups with higher socio-economic status [41,42], personal beliefs, and lack of access to healthcare facilities) as 
barriers to vaccination [3]. We note the strength and consistency of births attended by skilled health staff as an informer 
of DTP3 coverage rates, and we suggest its potential as a proxy indicator of the condition of a healthcare system.  
 
We speculate that regions where correlations are strengthening can be interpreted as more pressing targets for 
intervention. For example, primary education sex ratio, public health spending, and sanitation in South East Asia and 
the Eastern Mediterranean; rural access to clean water (which is widely believed to be able to prevent polio in some 
parts of Nigeria [27]) and the presence of skilled health staff in Africa, where a potential surrogate, children born in a 
public or private healthcare facility, is consistently linked to completion of routine vaccinations [11].  
 
Although an aim of the present study is to provide a global overview of correlates of immunisation coverage, we note 
a number of limitations. Regional variability will likely exist within countries and also between other sets of countries 
grouped by region other than that defined by the WHO.  A large-scale global analysis investigating regional trends 
and identifying factors associated both within and between countries may therefore uncover more nuanced trends. 
Higher-frequency data from social media sources may be able to more accurately predict trends in vaccination uptake 
behaviour than lower frequency national coverage data. The Vaccine Performance Index (VPI) methodology can be 
naturally integrated with models incorporating high frequency time-series predictive variables to more accurately 
forecast immunisation levels, as high-frequency data on vaccine sentiments becomes increasingly available. These 
more fine-grained analyses could facilitate the use of time-lags in exploring predictive models of vaccine coverage 
using combinations of high-frequency social media data and low-frequency socio-economic factors. 
 
Review of historical trends and variability in vaccination rates can aid policy makers' assessment of the strength and 
resilience of immunisation programmes. The GVAP's 2014 report notes one-third of 194 countries considered which 
have failed to reach 90% coverage in 2013 [43], but these static summaries conceal both the vaccination track-record 
and the likely future immunisation levels. A recent World Health Organization report notes that 65 countries have 
failed to achieve either “90% coverage globally or 80% coverage in every district or equivalent administrative unit 
against diphtheria, tetanus and whooping cough by 2015” [44], which is in line with predictions from our Vaccine 
Performance Index.  
 
We thus highlight our VPI as a tool for future research, which can enhance GVAP's assessment reports for future 
targets by providing predictive measures accounting for coverage trends and variability. 
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Panel: Research in context 
Systematic Review: 
Evidence before this study Google Scholar was used to search for related literature on socio-economic correlates of 
vaccine coverage using search terms such as “socio-economic demographic correlates vaccine coverage”, where each 



individual term is allowed to vary. For instance, we allow “vaccine” to be replaced with “vaccination”, “immunise”, 
“immunisation" etc, in addition to specific names of vaccine-preventable diseases such as “DTP” and “MMR” and 
allowing for alternative spellings such as “immunize”, etc. Publications were searched up to a publication date of 1 
January 2015. For attitudinal correlates of vaccine coverage, search terms such as “vaccine hesitancy”, “vaccine 
acceptance" and “vaccine delay” were used. There were relatively few publications that examined differences in both 
attitudinal and socio-economic correlates between countries, although there were recent reviews which looked at 
differing attitudes towards vaccination uptake across Europe [3,36], and differing socio-economic correlates in East 
African countries [11]. Both attitudinal and socio-economic surveys found numerous correlates of vaccine uptake. 
Attitudes range from personal, religious, and political beliefs, to trust in healthcare and the government. Socio-
economic correlates vary between countries, but education level, religion, ethnicity, and distance to healthcare facility 
are all recurring themes. 
 
Interpretation: 
Added Value of this study We perform a correlative study of unprecedented scale between 190 socio-economic 
factors and immunisation coverage in 190 countries and reveal variations in the strength of socio-economic correlates 
between world regions and across time. To our knowledge, this work represents the broadest analysis of socio-
economic links to vaccine coverage yet available, allowing insights into how socio-economic correlates modulate 
coverage and how these vary by world region. Forecasting of vaccine coverage time-series allows us to summarise 
the recent trend and variability in uptake rates and form a Vaccine Performance Index (VPI) which is, as far as we 
know, the first quantitatively derived marker of vaccine performance.  Our predictive performance index represents a 
distinctive, interpretable measure to assess likely future vaccine coverage behaviour and resilience of immunisation 
programmes to volatile changes triggered by external shocks, whether political rumour driven or natural disaster. 
 
Implications of all the available evidence By using a probabilistic forecast of future vaccination levels, we can 
provide a world-map of a Vaccine Performance Index that is informative of both the likelihood of stagnated or 
substandard coverage levels and the chance coverage levels will decline. These forecasts can easily single-out 
countries which are likely to fail to achieve the Global Vaccine Action Plan's target of 90% DTP coverage by 2015. 
We speculate that regions of strengthening socio-economic ties to vaccination coverage can be interpreted as targets 
for intervention (as socio-economic factors present barriers to vaccination), but that some regions (namely, Europe 
and the Americas), with low ties to socio-economic factors, show increased attitudinal barriers to vaccination. 
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1 Materials and Methods

1.1 Data Cleaning and Imputation

1.1.1 Introduction

Missing data is a feature of the Gapminder dataset and, to a much lesser extent, vaccine
coverage data. The full Gapminder dataset contains a total of 513 socio-economic factors
(SEFs) for 196 countries. We downloaded all data from between 1980 and 2010. Of
this data, a total of 67.7% is missing: this percentage varies substantially across SEFs and
between country-years. Those SEFs which remain in our data set after the filtering process
are tabulated in Supplementary Table 2 and given a numeric reference for convenience.

We presently describe the process by which we filter and impute missing data. We begin
this approach by filtering the full data set, omitting SEFs which have large quantities of
missing data and removing SEFs which contain occasional values which are many orders
of magnitude higher than median values (an example of is a country’s population, which is
removed in favour of the population density (383)) and thus may introduce outliers which
may bias correlation estimates. A number of imputation methods are considered and their
performance is evaluated on a test matrix. The statistic of interest, the time-averaged
Spearman’s rank between a given socio-economic factor xt and vaccination coverage yt for
all countries in a given region1 is given by,

⇢̄ =
1

t

2

� t

1

+ 1

t2X

t=t1

⇢(xi,t,yi,t) (1)

where i is the SEF, and the sum is calculated between years t

1

and t

2

, and where ⇢(., .)
denotes the Spearman’s rank correlation coe�cient. This statistic is then assessed for
robustness to the selected imputation method by comparing values of ⇢̄ obtained using
imputed data to true values obtained using clean data. We receive further support for
our imputation procedure by comparing these true values to those obtained from pairwise
deletion, which are less ably predicted than those obtained through imputation, providing
further vindication for the imputation of missing data in this context.

1.1.2 Filtering

A total of 513 of SEFs are downloaded from the website Gapminder and examined for
data quality. A total of 219 SEFs have fewer than three data points for at least 136
countries (representing about 70% of the full set of countries) and are stripped from the
data set because of their very high missing data proportions. We then remove SEFs which
may contain outlying values, but keep any normalised version which may be present; for
example, raw population is removed, but population density (383) is kept and electricity
use total is removed in favour of electricity use per person (98). A total of 104 of these
outlier-prone SEFs are removed, but – to increase the number of SEFs in our filtered
data set – maintain a further five by manually normalising by population: children out

1Regions are defined by the World Health Organization: AFR (Africa), AMR (Americas), EMR (Eastern
Mediterranean), EUR (Europe), SEAR (South-East Asia), and WPR (Western Pacific) according to the
definitions at http://www.who.int/about/regions/en/
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of school primary (total, male, female) (82-84), yearly CO2 emissions (143), and total
sulphur emissions (144). These final SEFs are displayed in Supplementary Table 2 where
we summarise, for each SEF, the number of countries with at least three data points,
NC(� 3), the number of countries with no data NC(0), the average number of data points
per country (av. data) and the percentage of missing data for each region. The matrix X

contains a total of 190 SEFs across 196 countries.

1.1.3 Imputation

A number of imputation methods are considered to replace missing data values. For the
purposes of testing these methods, it is instructive to form a data matrix X, where Xij,t

denotes data from country i, socio-economic factor j, and at time t (and where we use
similar notation for all similar matrices henceforth). To test imputation methods, we first
generate a clean data matrix C from X, and artificially insert missing values in C (to arrive
at C 0) according to the structure of missing data in X. We impute values in C

0 to obtain I

and test the accuracy of our imputation methods. This method has the shortcoming that
not all SEFs in the original filtered matrix X appear in the cleaned matrix C; however,
since the missing data structure for all SEFs in X is considered in C, and since the above
procedure is repeated a number of times, we expect that the e↵ect of imputing missing
values in SEFs with high missing data fractions is captured.

The clean data matrix C is created from the raw data X by removing columns (SEFs) in
X with above a specified missing data fraction and then removing any row (country-year)
containing at least one missing data entry. We repeat this procedure varying the missing
data fraction and selecting the matrix C which has both a large number of data points and
socio-economic factors. (To maximise the number of SEFs we consider in X, we forego
the data matrix C which has been maximised solely for the number of clean data points).
The resulting clean data matrix has 72 SEFs across 87 countries with an average of 19.2
data points per country (1730 country-years in total). There is more data for AFR (370
country-years), AMR (400), EUR (524), than EMR (111), SEAR (126), and WPR (189).

The mechanism by which missing data is present in X is likely to vary between socio-
economic factors and between countries. For many countries, missing data might be due
to a lack of reporting of this variable in a particular year (in which case the data would be
missing not at random, MNAR); or, when missing data is related to the value of another
variable (such as GDP), the data is said to be missing at random, MAR. If the data is
neither MNAR nor MAR, the data could be missing completely at random, MCAR (see
[43, 44], for example, for a fuller description of the types of missing data). Given the
large volume of data and the various possible missing data mechanisms, we consider an
imputation strategy which is not explicitly model dependent. We attempt to model the
missing data structure in X in our clean matrix by forming the 196 by 190 matrix P whose
entries are given by

Pij =
1

31

31X

t=1

M

X
ij,t, (2)
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where M

X is a missing data indicator matrix for X (that is, Mij,t = 1 if Xij,t is missing
and 0 otherwise), and which correspond of the fraction of missing data for country i and
factor j. (We assume here that each data point in a socio-economic factor time-series is
equally likely to be missing). We then, to align with the size of C, sample 87 countries
(rows) and 72 SEFs (columns) uniformly at random and without replacement from P and
call this matrix P

0 and form the missing data indicator for C 0 as follows

M

C0
ij,t =

(
1 if Uij,t < P

0
i,j

0 otherwise

where Uij,t ⇠ U(0, 1), and where U has the same dimension as C. This method allows us
to recover an instance of the missing data structure in X as the sampling will induce a
correlation structure between missing data values between SEFs and country-years. Many
countries have missing data across a number of SEFs; furthermore, many SEFs are more
likely to have missing data for certain countries: this procedure allows us to capture this.

The following imputation methods are considered:

mean replacement (MR): Mean replacement replaces all missing points in a time-series
with the mean value across all points that are present.

linear interpolation and 2-point/6-point/all-point extrapolation (L2,L6,LA): the
linear interpolant is used between any two points which contain missing data between them.
Extrapolation is based on a linear fit to the most recent two (2-point), six (6-point), or all
(all-point) data points. Interpolation is performed first such that the extrapolation may
use interpolated points.

KNN imputation (KNN): KNN imputation replaces missing values in a given row
(country-year) with an average of K corresponding values across the K nearest-neighbour
rows. A common implementation of KNN imputation is to only allow missing values to
be replaced from rows with no missing values (for example, as described in [45] and as im-
plemented using MATLAB’s knnimpute function); however, only a small fraction of rows
are complete cases in the Gapminder dataset, and so we allow any country-year (row) to
be utilised in the distance calculation between two rows, so long as it contains a corre-
sponding value for the target. We account for distances calculated between rows with large
missing data fractions by adding a small penalisation term to the (Euclidean) distance
between rows by multiplying the Euclidean distance by

p
(p/p⇤), where p is the total num-

ber of socio-economic factors (rows) and p⇤ is the number of non-missing instances in each
row. Data across each SEF is linearly scaled to the [0,1] interval before applying KNN
imputation.

We pursue an imputation strategy which has two stages: we first find the optimal imputa-
tion method when there are at least five (from the 31 possible time-series points – or the
fractional equivalent, in the case when there are fewer than 31 points per time-series) data
points; we then consider all methods again on all time-series after having imputed those
with at least five points per time-series. This allows us to evaluate methods as the missing
data fraction varies (and when, for example, the linear methods above cannot be applied
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Figure S1: The testing procedure for imputation methods involves two stages. The flow
chart illustrates the process by which imputation methods are tested on an artificial clean data
matrix C. Missing data values are first generated in C to obtain a raw data matrix C

0, we then
impute all time-series with at least five data points using all methods and apply these methods
again when there are fewer than five data points to obtain the fully imputed matrix I. Imputation
performance is evaluated after each of the imputation stages.

as there are too few data points). (All methods, except for KNN, are applied to individual
time-series case-by-case). In the case of KNN for the second stage of imputations we allow
already imputed values to be used to replace missing data). We summarise our method in
Figure S1. For a given SEF, we evaluate the performance of the imputation procedures on
a data point using the normalised absolute error (NAE)

✏ij,t =
|Cij,t � Iij,t|
| 1

nj

P
i,tC

0
ij,t|

, (3)

where nj is the number of non-missing data points for SEF j. This error metric allows us to
compare errors both between socio-economic factors (which may have di↵erent scales) and
within scales (which might also vary between several orders of magnitude). The procedure
outlined above is repeated 20 times to ensure we obtain fair estimates of errors, since the
mechanism above may result in a high fraction of missing data for a given SEF which will
increase the error estimates for this factor.

1.1.4 Results

Linear interpolation with 2-point extrapolation is found to be the optimal imputation
strategy when the number of missing data points is at least two and mean imputation is
preferred to KNN when there is only one data point (in this case, mean replacement refers
to replacing all missing data with the value of data point present). The median NAE errors
for these methods are displayed in Figure S2A as a function of the fraction f of non-missing

5



fraction of good time-series data, f
0 0.2 0.4 0.6 0.8 1

m
ed

ia
n 

er
ro

r, 
ϵ

0

0.02

0.04

0.06

0.08

0.1

0.12
LA
L6
L2
MR
KNN (K=40 f=0; K=1 (f>0)

error, x
10-2 100 102

im
pu

te
d 

va
lu

es
 w

ith
 e

rro
r >

 x
 (%

)

0

10

20

30

40

50

60

70

80

90

100

overall
L2 (f>1/31)
MR (f=1/31)
KNN (f=0)

A         B

Figure S2: A combination of imputation methods is necessary to impute data in the
Gapminder dataset. A – Linear interpolation with extrapolation using the two most recent data
points outperforms all other methods when the fraction of non-missing time-series data is greater
than 1/31. Mean replacement outperforms the optimal KNN method when f = 1/31 and KNN is
the only method considered when f = 0. B – Error distributions for the optimal method (which
combines L2, MR, KNN at varying fractions) are highly skewed.

time-series data (we plot the optimal value of K for each stage: we find that K = 1 is
optimal for f � 1/31, but K = 40 optimal when f = 0). (We display the mean-averaged
median error in given ranges of f). The median error is used since error distributions are
highly skewed across imputation methods (Figure S2B).

Large errors are induced by time-series with less smoothly-varying values and also, in the
case of KNN imputation, the number of missing elements in a country-year. There often
exist many orders of magnitude between the observed and imputed values (Figure S3A);
however, these large errors often arise from a handful of SEFs whose time-series are prone
to sudden, large jumps (for example, factors relating to natural disasters (127,128,136,137),
inflation (43), and GDP growth (30)). Factors which vary more smoothly over time such
blood pressure or education levels have much lower errors (Figure S3B). In addition to
the type of SEF which may contribute to larger errors, country-years which contain many
missing data values are subject to high KNN error, since there are fewer values used in
the calculation of the euclidean distance between country-years (Figure S3C). Example
KNN imputed time-series for income per person (2) and example L2 interpolations for
food supply (282) are displayed in Figure S4A and B respectively. For both instances, we
display the NAE error and the country which has had data imputed.

1.1.5 Test correlation study

The e↵ect of imputation and pairwise deletion [44] – wherein each missing data element is
simply removed from the correlative study – on our statistic of interest (given in Equation
1) is considered. To investigate the e↵ect that imputation has on the value of this statistic,
we calculate its values for all regions for a given imputed data set I, and compare these
values to the true values calculated from C. Similarly, to explore the e↵ect pairwise deletion
has, the values of the statistic are calculated using C

0, where the individual missing values
are removed. The statistic is then calculated over the years 1980-2010 (to observe historic
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Figure S3: Overall imputation error varies by SEF and KNN-imputation error increases
with fraction of missing data in a country-year. A – scatter plot of imputed values versus
real values for our clean matrix C B – Median error increases with the number of missing data
values in a country-year. C – Box and whisker plots for all errors across all SEFs in our test matrix
C: factors prone to sudden jumps in value have larger median errors. (x-axis has been cut o↵ at
10�10 for clarity.) Numbers refer to the SEFs referenced in Supplementary Table 2.

trends) and 2001-2010 (to observe recent ones). As in the main text, the statistic is only
calculated when there exist at least eight data points (in our test data set C, this means
that only three WHO regions have data available).

In comparing the true value of ⇢̄ to the imputation-predicted value, we report absolute mean
di↵erences (and standard deviations) in statistic values of .03± .06 for AFRO, .05± .04 for
AMRO, and .06± .06 for EURO for data between 1980 and 2010 and .05± .09 for AFRO,
.08± .07 for AMRO, and .06± .06 for EURO for data between 2001 and 2010.

In comparing the true value of ⇢̄ to the pairwise deletion-predicted value, we report absolute
mean di↵erences (and standard deviations) in statistic values of .06±.07 for AFRO, .08±.07
for AMRO, and .12±.11 for EURO for data between 1980 and 2010 and .06±.09 for AFRO,
.11± .10 for AMRO, and .09± .11 for EURO for data between 2001 and 2010.

To observe the di↵erence between the accuracy of our imputation method and pairwise
deletion we display scatterplots between the true statistic value and the value obtained
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Figure S4: Example imputations Time-series from the clean data matrix C (green) have miss-
ing values generated to generate the test matrix C

0 (with non-missing values represented by blue
squares). A – KNN imputed values (red squares) for the SEF income per person (3). B – Val-
ues imputed by L2 interpolation (red squares) for food supply (282). Mean NAE error for each
time-series is shown.
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Figure S5: Calculation of time-averaged Spearman’s rank values are robust to impu-
tation of large numbers of missing data values A – For each WHO-region present in our
imputed data matrix I (with at least eight data points used for a single time correlation) we display
our statistic of interest ⇢̄ calculated on the clean data C against values from imputed data. B –
The true value of the statistic is also plotted against values obtained from the data set C

0 where
missing data values are removed from the analysis.

from an imputed data set (Figure S5A) and between the true statistic value and the value
obtained from pairwise deletion (Figure S5 B). These results highlight the problematic
approach of pairwise deletion and underlines the robustness of our statistic of interest to
our imputation method.

1.1.6 Imputing the original Gapminder data set, X

Many SEFs with large prediction error were identified in the imputation testing process.
The raw dataset X contains many more SEFs, some of which we expect to behave in a
similar way. These SEFs are not removed from our analysis, but rather we make a note of
these SEFs in the case that they correlate strongly (and significantly) with vaccine coverage.
However, this isn’t the case (see Figure 3A main text). Since KNN error increases with
the fraction of missing data in a given country-year, data is not imputed (by KNN) when
there exists more than 50% missing data values in a given country-year. The optimal value
of K (K = 40) when f = 0 is in keeping with the recommendation of using K =

p
n

obs

[46], where n

obs = 1669 is the number of cases (rows) used in the imputation method C.
We thus increase this value to K = 80 for KNN imputation of the matrix X as we have
6076 rows.

The Gapminder data has a missing data fraction of 48.4%, which is reduced to 9.5% after
we apply the combination imputation method. Of the data that is imputed, most of it
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(87.9%) is by linear interpolation (and of which a very large proportion – 91.0% – have
greater than five data points per time series, so we can expect a very small imputation
error); a very small amount of time-series have one data point and are thus imputed
by mean-replacement (0.02% of the total imputed); and the remainder (12.1%) is KNN
imputed. After imputation, there are a total of 23 countries which have no time-series
data for at least one socio-economic factor (the mean number of socio-economic factors
missing for these countries is 153), including six which have no data for any SEF (denoted
R in the following list): Andorra, Brunei Darussalam, Central African Republic, DR Congo
(R), Cook Islands, Czech Republic (and Czechoslovakia), Dominican Republic, Ivory Coast
(R), Marshall Islands, Monaco, Nauru, Niue, occupied Palestinian territory (R), Republic
of Moldova (R), Russia (and former USSR), Saint Kitts and Nevis, San Marino, Slovakia,
Timor Leste (R), Tuvalu, Yemen. These countries are from a range of WHO regions and
we thus do not expect noticeable bias to be introduced into the system.

1.1.7 Imputation of vaccine coverage

The same imputation process is used to impute vaccine coverage data. Missing data is
much less prevalent in vaccine coverage data with only 14% missing across all vaccines:
BCG has the highest missing data fraction at 26.6% followed by MCV (13.1%), POL3
(11.1%), DTP3 (10.9%), and DTP1 (10.4%). When imputing vaccine coverage data, we
use LA rather than L2, since vaccine coverage tends to be more variable than socio-economic
factors and less accurately predicted by the most recent trend. Almost all vaccine coverage
data contains at least two coverage values in a time-series: there are no time-series imputed
by mean-replacement, and 99.9% of values are imputed using the LA method.

1.2 Gaussian Processes

1.2.1 Gaussian Process Regression

Gaussian processes are fit to countries’ vaccine coverage time-series to model time-varying
trends in vaccine uptake. For each country, we transform vaccine coverage using the logistic
transform, y0(ti) = � log(100/y(ti)�1) (where y(ti) is a country’s raw vaccine coverage level
at time ti), before we perform Gaussian process regression (GPR) to obtain a predictive
distribution over coverage in future years and obtain the vaccine performance index as
described in the main text and below.

For each country, we model vaccine coverage as y0(ti) = f(ti) + ✏i, where y

0(ti) is observed
(transformed) vaccine coverage, f(ti) is a Gaussian process prior, f(t) ⇠ GP(m(t), k(t, t0))
(where m(t) is the mean function and k(t, t0) is the covariance function, and ✏ ⇠ N (0,�2

n)
is understood as the measurement error). Vaccine coverage data forms our test data set
and is specified by D = {(ti, y0(ti))|i = 1, . . . , N}, where i indexes the year and N is the
index corresponding to the most recent time point used in the regression. (The latest
WHO vaccine coverage estimates are used in our GPR analysis to more accurately forecast
vaccine coverage values into 2015.2)

2The most recent estimates can be found here: http://apps.who.int/immunization monitoring/globalsummary/timeseries/tswucoveragebcg.html.
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Since coverage is broadly increasing over the past few decades in most countries, we choose
the mean function m(t) = �

0

+ �

1

t. We use a squared exponential kernel k(t, t0) =

�

2

f exp(�
|t�t0|2
2l2 ), where l is a characteristic time-scale over which the coverage values covary.

We optimise over our parameter set ✓ = {l,�2

n,�
2

f ,�0,�1} by maximising the posterior
marginal likelihood with respect to our parameters

p(✓|y, t) / p(y|t, ✓)p(✓) (4)

=

Z
p(y|t, f)p(f |✓)df ⇥ p(�

0

)p(�
1

)p(�2

n)p(�
2

f )p(l), (5)

where y0|t, f ⇠ N (0,�2

n) and f |✓ ⇠ N (m(t),K(t, t0)) (y0 and t represent time-ordered
vectors of y

0
i and ti (respectively), and f is the Gaussian process prior) and where we

specify the priors p(�
0

) = N (3, 4), p(�
1

) = N (0, 1), p(�2

n) = N (0, 2), p(�2

f ) = N (0, 2), and
p(l) = N (0, 2). These choice of priors are motivated by the scales involved: we might expect
the time-scale, l over which data points interact to be a few years; the prior for the intercept
of the linear trend (in raw space) is centred at 95% (which is � log(100/95 � 1) ⇡ 3 in
transformed space); the gradient prior is centred at 0 to account for growing and declining
coverage rates.

The parameter estimates are then inserted into the predictive distribution [47],

y

0
⇤|t⇤, t,y0 ⇠ N

�
K(t⇤, t)K(t, t)�1f , k(t⇤, t⇤)�K(t⇤, t)K(t, t)�1

K(t, t⇤) + �

2

nI
�
, (6)

where Ki,j = k(ti, tj), and t⇤ is the year in which we would like to make a prediction. The
vaccine performance index is then defined by,

PI(tN ) = P (y⇤ > ⌫)� P (y⇤ < y(tN )� d), (7)

where ⌫ is a threshold value, d is the size of a drop, tN is the most recent point in the

training data, P (y⇤ > ⌫) =
R � log(100/⌫�1)

�1 p(y0⇤|t⇤, t,y0)dy0⇤ and P (y⇤ < y(tN ) � d) =R1
� log((100/(y(tN )�d)�1))

p(y0⇤|t⇤, t,y0(tN ))dy0⇤. Gaussian process regression is implemented

using GPML Matlab code version 3.5 [48].

1.2.2 Selecting number of time-series points for GPR

In order to establish the number of previous coverage data points n

train

to use in GPR,
we consider forecasting coverage using varying numbers of previous coverage points, and
select the value of n

train

which minimises the RMSE prediction error. We do this for values
of n

train

ranging from five to 20. The results are also compared to those obtained using
a simple linear regression fit to the same data. (We apply the inverse logistic transform
before computing the RMSE error.) The results are presented in Figure S10A below, from
which we see that GPR outperforms linear regression (LR), and that n

train

= 20 has the
lowest RMSE error from all the number of training points we consider (this is unsurprising
for a non-parametric method of this kind). We display the observed versus predicted values
for all forecasted values when n

train

= 20 in Figure S10B.
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Figure S6: Optimising the number of data points in the Gaussian process regression A:
Gaussian Processes with increasing values of training points results in a lower RMSE prediction
error: the lowest error obtained from all previous training lengths we consider is when ntrain = 20.
B: Scatter plot of all observed versus predicted values obtained from Gaussian process forecasts on
all training sets of length ntrain = 20, for which the RMSE is 5.6 (error bars for 95% prediction
intervals are shown in black.)

1.3 Alternative forms of the Vaccine Performance Index

A strength of the index structure that we propose in the main text is its flexibility. We
have chosen a weighting of terms congruent with our picture of desirable vaccination char-
acteristics; readers and policymakers focussed on di↵erent aspects of vaccine coverage can
re-weight these terms to, for example, focus more strongly on avoiding sudden drops in
coverage. To illustrate this re-weighting potential, here we consider the alternative indices
obtained when setting d = 5 and d = 0 (with ⌫ = 95 and ⌧ = 1, as before) in Equation
(2) in the manuscript for DTP3 coverage. In addition, we also consider only the second
term of Equation (2), setting d = 0, to investigate the probability of a forecasted drop to
coverage.

These indices are compared in Figure S7. Each alternative index is plotted against the
original VPI suggested in the manuscript (Equation (2) with parameters d = 2, ⌧ = 1, and
⌫ = 95) using data from 1993-2012 to forecast (and thus obtain a VPI value) for coverage
in 2013. In Figure S7 A and B we display the two alternatives to the VPI in 2013 with
d = 5 (A) and d = 0 (B), referring to the former as P (> 95)� P (drop > 5) and the latter
as P (> 95)� P (drop). Each country’s data point is coloured by the WHO region and we
label the two countries in each region which see the biggest shift between original VPI –
denoted ‘VPI’ in Figure S7 – and the alternative. (We plot DTP3 coverage time-series of
these twelve countries for the first two alternatives in Figure S8). In Figure S7A, we see
that using an increased value of a drop serves to increase the VPI values of all countries,
with notable increases for countries with lower VPI values, resulting in a tighter grouping
of these countries. In Figure S7B, however, we observe the opposite e↵ect: rather than an
increased similarity of VPI values for many countries, we see that countries with VPI values
around +1 now have a range of values under the alternate scheme. Although this may seem
beneficial – that there are now a range of values for a group of countries with similarly
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Figure S7: Possible alternatives for the Vaccine Performance Index reveal sensitivity to
drop parameter values VPI values are sensitive to values of the drop parameter d in Equation
(2). (A) Increasing the value of the drop parameter to d = 5 results in higher index values for all
countries compared to the original VPI (VPI). (B) Allowing d = 0 in Equation (2) – resulting in
a term representing the probability of a drop of any size – has the e↵ect of decreasing the index
values for all countries, including large increases for many countries with with an original VPI value
of ⇠ +1. This is an undesirable e↵ect since these countries have stable coverage rates. (C) The
probability of a drop P(drop) against our original VPI.

high VPI values – this alternative formulation causes harsh punishment of countries with
high (e.g. with coverage greater than 95%) but steady (e.g. with high probability of
obtaining a value at least as big as the previous year) coverage, since under the Gaussian
Process model, countries with stable coverage will have a roughly 50% chance of any drop.
This is readily evidenced for Finland and Sweden, two countries with exemplary DTP3
coverage rates (Figure S8B). This drop in value is – in the case of Sweden and Finland –
due to stable coverage levels which result in a symmetric Gaussian probability density over
the forecasted point, resulting in a roughly 50% change of drop (despite a low variance).
This is motivation for the choice of drop parameter d = 2, which does not unfairly punish
countries with optimal time-series properties, nor bunches together countries with di↵erent
time-series properties, as is the case if we increase the value of d above 2.

In Figure S7C, we display the original VPI against the probability of a drop between 2012
and 2013 under our Gaussian Process fit. Interestingly, we find that most of the correlation
structure is broken, since countries are now no longer rewarded for having high coverage
(as they were under the previous schemes), and countries are simply identified by the
probability of a drop in coverage. We see clearly that there are a number of European
countries which have a large probability of a drop, suggesting either high but volatile
coverage, or high but decreasing coverage (or, as previously mentioned, stable coverage
rates with an equal chance of increase and decrease).

In Figure S8, we display those countries which have the biggest di↵erence between alternate
and original VPI. In comparing the original index with the alternative when d = 5, we see
that the biggest movers are countries with high recent variability in DTP3 coverage, and
thus have a large probability of a drop in DTP3 coverage from the most recent training
point (2012) to 2013 (Figure S8A). This set of countries may be interpreted as the most
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Figure S8: Time-series of countries with the biggest di↵erence between alternative and
VPI values A) Those countries with the biggest di↵erence (two from each WHO region) for our
first alternative (with d = 5) and B) for our second alternative (with d = 0).

volatile that are also most in danger of not reaching the ⌫ = 95% threshold. In Figure
S8B, we display the biggest movers for the second alternative VPI when d = 0, we see
that most countries would be unfairly punished by this alternative form of VPI, since a
time-series with zero gradient would result in a predictive distribution symmetric about
the most recent coverage point. This, in turn, results in a roughly evens chance of a drop
in coverage. Our original form of the VPI with d = 2 mitigates this.

1.4 Selection of SEFs for Figure 3A

To restrict the number of socio-economic factors we consider in our comparative analysis
between socio-economic factors across time and between WHO regions, we choose the
top-ten correlating SEFs in each region and for each time-period over which our Spearman
statistic is calculated. To include only the strongest signals, we restrict our choice of factors
to those with a mean-averaged p-value of less than 0.01 for at least one region. During this
process, many identical factors appear in the agglomerated list more than once; further,
these lists contain factors which are almost identical to each other, for example, income
per person (GDP per capita inflation-adjusted) (2) and GDP per capita USD inflation
adjusted (26), and in which case we only include one of the two. Moreover, for utility of
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comparison, we include some factors which have a natural counterpart, and are thus useful
for comparison; for instance, water access: urban (%) (337) is added for contrast with the
other water and sanitation variables.

In total for DTP3 we remove factors which are replicated for GDP and GNI (26, 34, 444,
445, 456), primary education (74), child death and maternal mortality (277, 370, 441, 495,
508), cell phones (326), and population age distributions (108-111, 113, 122, 128) which can
be summarised by median age (382). We include the following factors as they provide useful
comparison to included factors with high correlation and significance: primary completion
male (86), improved sanitation access overall (332) and rural (334), and improved water
access urban (337).

We do not go through the same process as described above for each of the other vaccines
(whose correlations are displayed in Supplementary Figures S7 and S8). However, we list
here correlates within the agglomerated top-ten list which di↵er from DTP3. BCG: Dollar
billionaires per million (20), Total health spending per person (260), Blood pressure women
(290), All forms TB death per 100000 (303), Children and elderly per 100 adults (381),
human development index (HDI) (389); DTP1 no di↵erences; MCV Mean years in school
(women to men) (96), energy use per person (98), CO2 intensity of economic output (140),
total health spending (% of GDP) (253), Out of pocket share of total health spending
(256), HDI (389); POL3 All forms of TB deaths per 100000 (303), 15-24 employment rate
(male) (412).

1.5 Multiple Hypothesis Testing

A total of 5,890 (190 SEFs ⇥ 31 time points) individual correlations are performed and so
a multiple hypothesis testing approach needs to be applied to control for the simultaneous
correlations. A procedure such as Bonferroni correction will apply a large correction to
p-values since each p-value is multiplied by the number of tests. This correction will be
unnecessarily harsh since we know that data from successive years is correlated: we are
thus overstating the number of independent hypotheses by using conventional Bonferroni
correction.

To address this concern, we consider a meta p-value approach for combining dependent p-
values which we adapt from Delongchamp et. al. [50] and which accounts for the correlation
structure amongst p-values which is present when considering averages of correlations of
variables dependent throughout time. The meta p-value – described below – may be
interpreted as an overall significance level for a set of p-values from correlated observations.

Under the null hypothesis, the p-value for a test statistic is a U(0, 1) random variable, and
thus it can be transformed to a standard normal random variable using the inverse cumula-
tive normal distribution function zi = ��1(1�pi). When there exists a correlation structure
between p-values, then we assume that z ⇠ N(0, R) under the null hypothesis, where R is
the correlation matrix between the z-transformed p-values. We can then obtain an overall
significance level for the set of p-values by forming the test statistic T =

Pm
i=1

zi/
p
ITRI,

where I = (1, 1, . . . , 1)T . R is unknown and rather than estimate R from the specific type
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of data as suggested in [50], we instead estimate R by bootstrapping a number of p-values
from the raw data and then estimate the covariance of the z-transformed values. The over-
all p-value is then obtained from P = 1��(T ) and multiplied by 190 to Bonferroni correct
for the number of socio-economic factors. These meta p-values are displayed Figure 3 in
the main text.
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2 Supplementary Figures and Tables

2.1 Supplementary Table 2

All socio-economic factors in the reduced Gapminder dataset X are displayed overleaf.
Those factors which are displayed in Figure 3A in the main text are highlighted grey.

17



m
is
si
n
g

d
a
ta

(%
)

S
E
F

N
C

(�
3
)

N
C

(0
)

a
v
.
d
a
ta

A
L
L

A
F
R

A
M

R
E
M

R
E
U
R

S
E
A
R

W
P
R

0
-C

h
il
d
re

n
-p

e
r-
w
o
m
a
n
-(
to

ta
l-
fe
rt
il
it
y
)

1
6
8

2
8

2
6
.5

1
4
.4

8
.5

1
1
.8

4
.7

1
8
.5

9
.1

2
9
.6

1
-C

O
2
-e
m
is
si
o
n
s-
(t
o
n
n
e
s-
p
e
r-
p
e
rs
o
n
)

1
7
5

2
1

2
5
.3

1
8
.5

1
0
.9

1
0
.7

4
.5

3
1
.8

1
9
.6

2
5
.1

2
-I
n
c
o
m
e
-p

e
r-
p
e
rs
o
n
-(
G
D
P
-c
a
p
it
a
-P

P
P
D
-i
n
fl
a
ti
o
n
-a

d
ju

st
e
d
)

1
8
1

1
4

2
8
.0

9
.8

6
.5

2
.9

6
.0

1
8
.9

9
.1

8
.7

3
-C

h
il
d
-m

o
rt
a
li
ty

-(
0
-5

-y
e
a
r-
o
ld

s-
d
y
in

g
-p

e
r-
1
0
0
0
-b

o
rn

)
1
8
2

1
4

2
8
.4

8
.5

6
.5

4
.4

5
.0

1
5
.1

9
.1

6
.2

4
-L

if
e
-e
x
p
e
c
ta

n
c
y
-(
y
e
a
rs
)

1
6
8

2
8

2
6
.6

1
4
.3

8
.5

1
1
.8

4
.5

1
8
.2

9
.1

2
9
.6

1
8
-A

id
-r
e
c
e
iv
e
d
-p

e
r-
p
e
rs
o
n
-(
c
u
rr
e
n
t-
U
S
D
)

1
4
2

5
4

2
0
.3

3
4
.4

5
.6

1
6
.1

1
0
.7

8
0
.5

1
8
.2

3
9
.7

1
9
-A

id
-r
e
c
e
iv
e
d
-(
p
-o

f-
G
N
I)

1
4
0

5
6

1
8
.7

3
9
.7

1
0
.6

1
9
.3

2
8
.4

8
1
.2

2
8
.7

4
5
.4

2
0
-D

o
ll
a
r-
b
il
li
o
n
a
ir
e
s-
p
e
r-
m
il
li
o
n
-p

e
o
p
le

1
8
3

1
3

3
.7

8
8
.0

8
7
.9

8
7
.5

8
7
.7

8
8
.5

8
8
.3

8
7
.6

2
1
-A

v
e
ra

g
e
-a

g
e
-o

f-
d
o
ll
a
r-
b
il
li
o
n
a
ir
e
s-
(y

e
a
rs
)

1
8
3

1
3

3
.7

8
8
.0

8
7
.9

8
7
.5

8
7
.7

8
8
.5

8
8
.3

8
7
.6

2
2
-T

o
ta

l-
n
u
m
b
e
r-
o
f-
d
o
ll
a
r-
b
il
li
o
n
a
ir
e
s

1
8
3

1
3

3
.7

8
8
.0

8
7
.9

8
7
.5

8
7
.7

8
8
.5

8
8
.3

8
7
.6

2
6
-G

D
P
-c
a
p
it
a
-(
U
S
D
-i
n
fl
a
ti
o
n
-a

d
ju

st
e
d
)

1
7
2

2
3

2
5
.0

1
9
.3

9
.0

1
0
.8

2
5
.5

2
3
.4

3
1
.7

2
9
.3

2
9
-G

D
P
-c
a
p
it
a
-g

ro
w
th

-o
v
e
r-
n
e
x
t-
1
0
-y

e
a
rs

1
5
1

3
9

1
0
.4

6
6
.3

5
9
.4

6
2
.0

6
8
.2

7
4
.8

6
2
.5

6
6
.8

3
0
-G

D
P
-c
a
p
it
a
-g

ro
w
th

-(
p
-p

e
r-
y
e
a
r)

1
7
8

1
8

2
5
.6

1
7
.6

1
1
.5

4
.3

2
6
.5

2
3
.2

2
3
.5

2
3
.8

3
3
-G

N
I-
c
a
p
it
a
-(
A
tl
a
s-
m
e
th

o
d
-c
u
rr
e
n
t-
U
S
D
)

1
7
5

2
1

2
3
.6

2
3
.9

1
1
.5

1
2
.0

2
9
.3

3
2
.3

3
3
.1

3
5
.2

3
4
-G

N
I-
p
e
r-
c
a
p
it
a
-(
P
P
P
-c
u
rr
e
n
t-
in
te

rn
a
ti
o
n
a
l-
D
)

1
6
7

2
9

2
3
.5

2
4
.3

1
2
.2

1
5
.2

2
8
.6

3
0
.9

3
2
.0

3
7
.0

4
3
-I
n
fl
a
ti
o
n
-(
a
n
n
u
a
l-
p
)

1
7
6

2
0

2
5
.0

1
9
.4

9
.2

1
0
.1

2
2
.1

2
6
.2

2
5
.2

3
0
.6

4
5
-I
n
v
e
st
m
e
n
ts
-(
p
-o

f-
G
D
P
)

1
6
7

2
8

2
3
.6

2
3
.9

1
9
.0

5
.5

2
8
.3

2
8
.9

2
4
.6

4
1
.7

4
7
-F

o
re

ig
n
-d

ir
e
c
t-
in
v
e
st
m
e
n
t-
n
e
t-
in

fl
o
w
s-
(p

-o
f-
G
D
P
)

1
7
4

2
2

2
3
.9

2
2
.9

1
4
.3

4
.8

2
0
.8

3
7
.4

3
5
.5

2
7
.4

5
6
-A

g
ri
c
u
lt
u
re

-(
p
-o

f-
G
D
P
)

1
6
3

3
2

2
2
.3

2
7
.9

1
5
.4

2
2
.1

2
9
.9

3
5
.7

2
4
.9

4
1
.0

5
7
-I
n
d
u
st
ry

-(
p
-o

f-
G
D
P
)

1
6
9

2
7

2
2
.9

2
6
.0

1
6
.7

1
6
.9

3
7
.1

3
1
.4

2
3
.2

3
4
.9

5
8
-S

e
rv

ic
e
s-
(p

-o
f-
G
D
P
)

1
6
8

2
8

2
2
.8

2
6
.5

1
6
.7

1
6
.5

3
6
.8

3
3
.3

2
3
.2

3
5
.2

5
9
-E

x
p
o
rt
s-
(p

-o
f-
G
D
P
)

1
6
9

2
6

2
4
.0

2
2
.6

1
1
.0

1
0
.8

2
4
.8

3
1
.3

1
9
.9

3
9
.4

6
0
-I
m
p
o
rt
s-
(p

-o
f-
G
D
P
)

1
7
0

2
5

2
4
.2

2
2
.1

1
5
.2

5
.6

2
8
.2

3
1
.1

1
8
.8

3
2
.7

6
2
-A

rm
s-
im

p
o
rt
s-
(U

S
D
-i
n
fl
a
ti
o
n
-a

d
ju

st
e
d
)

1
5
5

2
6

1
5
.5

5
0
.0

6
0
.2

5
2
.5

2
4
.5

4
8
.8

3
4
.6

5
8
.3

6
4
-H

ig
h
-t
e
ch

n
o
lo
g
y
-e
x
p
o
rt
s-
(p

-o
f-
m
a
n
u
fa
c
tu

re
d
-e
x
p
o
rt
s)

1
5
1

3
8

1
2
.8

5
8
.6

6
4
.4

4
5
.3

6
1
.6

5
4
.0

6
5
.4

6
9
.2

6
5
-M

e
rc
h
a
n
d
is
e
-t
ra

d
e
-(
p
-o

f-
G
D
P
)

1
7
3

2
3

2
4
.6

2
0
.7

1
0
.9

4
.2

1
9
.9

3
6
.2

2
7
.6

2
4
.6

6
7
-T

ra
d
e
-b

a
la
n
c
e
-(
p
-o

f-
G
D
P
)

1
7
0

2
5

2
4
.2

2
2
.0

1
5
.2

5
.6

2
8
.2

3
0
.8

1
8
.8

3
2
.7

7
1
-M

il
it
a
ry

-e
x
p
e
n
d
it
u
re

-(
p
-o

f-
G
D
P
)

1
5
0

4
3

1
5
.1

5
1
.3

4
5
.2

5
3
.6

4
1
.5

4
9
.5

5
5
.4

6
8
.7

7
4
-R

a
ti
o
-o

f-
g
ir
ls
-t
o
-b

o
y
s-
in

-p
ri
m
a
ry

-a
n
d
-s
e
c
o
n
d
a
ry

-e
d
u
c
a
ti
o
n
-(
p
)

1
6
9

2
3

1
6
.8

4
5
.7

4
4
.9

4
4
.7

3
5
.3

4
1
.2

5
6
.3

6
1
.8

8
2
-C

h
il
d
re

n
-o

u
t-
o
f-
sc

h
o
o
l-
p
ri
m
a
ry

1
5
6

3
1

1
3
.3

5
7
.2

5
2
.9

5
2
.8

5
0
.1

5
5
.8

7
4
.8

7
1
.3

8
3
-C

h
il
d
re

n
-o

u
t-
o
f-
sc

h
o
o
l-
p
ri
m
a
ry

-f
e
m
a
le

1
5
0

3
3

1
1
.0

6
4
.6

5
7
.4

6
1
.9

5
8
.7

6
3
.5

7
8
.9

8
2
.0

8
4
-C

h
il
d
re

n
-o

u
t-
o
f-
sc

h
o
o
l-
p
ri
m
a
ry

-m
a
le

1
5
0

3
3

1
1
.0

6
4
.6

5
7
.4

6
1
.9

5
8
.7

6
3
.5

7
8
.9

8
2
.0

8
5
-P

ri
m
a
ry

-c
o
m
p
le
ti
o
n
-r
a
te

-t
o
ta

l-
(p

-o
f-
re

le
v
a
n
t-
a
g
e
-g

ro
u
p
)

1
5
8

3
0

1
4
.2

5
4
.3

4
1
.8

4
8
.7

4
7
.5

5
8
.3

7
1
.0

7
3
.5

8
6
-P

ri
m
a
ry

-s
ch

o
o
l-
c
o
m
p
le
ti
o
n
-(
p
-o

f-
b
o
y
s)

1
5
4

3
3

1
2
.7

5
9
.0

4
4
.2

5
6
.7

5
0
.4

6
3
.9

7
8
.0

7
6
.6

8
7
-P

ri
m
a
ry

-s
ch

o
o
l-
c
o
m
p
le
ti
o
n
-(
p
-o

f-
g
ir
ls
)

1
5
4

3
3

1
2
.7

5
9
.0

4
4
.2

5
6
.7

5
0
.4

6
3
.9

7
8
.0

7
6
.6

9
1
-M

e
a
n
-y

e
a
rs
-i
n
-s
ch

o
o
l-
(w

o
m
e
n
-2

5
-y

e
a
rs
-a

n
d
-o

ld
e
r)

1
6
3

3
3

2
4
.9

1
9
.5

9
.4

2
0
.3

1
2
.0

2
4
.3

2
9
.6

2
8
.3

9
2
-M

e
a
n
-y

e
a
rs
-i
n
-s
ch

o
o
l-
(m

e
n
-2

5
-y

e
a
rs
-a

n
d
-o

ld
e
r)

1
6
3

3
3

2
4
.9

1
9
.5

9
.4

2
0
.3

1
2
.0

2
4
.3

2
9
.6

2
8
.3

9
3
-M

e
a
n
-y

e
a
rs
-i
n
-s
ch

o
o
l-
(w

o
m
e
n
-2

5
-t
o
-3

4
-y

e
a
rs
)

1
6
3

3
3

2
4
.9

1
9
.5

9
.4

2
0
.3

1
2
.0

2
4
.3

2
9
.6

2
8
.3

9
4
-M

e
a
n
-y

e
a
rs
-i
n
-s
ch

o
o
l-
(m

e
n
-2

5
-t
o
-3

4
-y

e
a
rs
)

1
6
3

3
3

2
4
.9

1
9
.5

9
.4

2
0
.3

1
2
.0

2
4
.3

2
9
.6

2
8
.3

9
5
-M

e
a
n
-y

e
a
rs
-i
n
-s
ch

o
o
l-
(w

o
m
e
n
-o

f-
re

p
ro

d
u
c
ti
v
e
-a

g
e
-1

5
-t
o
-4

4
)

1
6
3

3
3

2
4
.9

1
9
.5

9
.4

2
0
.3

1
2
.0

2
4
.3

2
9
.6

2
8
.3

9
6
-M

e
a
n
-y

e
a
rs
-i
n
-s
ch

o
o
l-
(w

o
m
e
n
-p

-m
e
n
-2

5
-t
o
-3

4
-y

e
a
rs
)

1
6
3

3
3

2
4
.9

1
9
.5

9
.4

2
0
.3

1
2
.0

2
4
.3

2
9
.6

2
8
.3

9
8
-E

n
e
rg

y
-u

se
-p

e
r-
p
e
rs
o
n

1
5
3

4
2

1
9
.2

3
7
.9

5
5
.5

2
6
.1

1
4
.8

2
9
.0

3
3
.4

6
1
.2

1
0
1
-P

u
m
p
-p

ri
c
e
-f
o
r-
g
a
so

li
n
e
-(
U
S
D
-p

e
r-
li
te

r)
1
4
9

4
1

4
.6

8
5
.3

8
1
.1

8
5
.1

8
3
.9

8
6
.3

8
6
.2

9
1
.4

1
2
8
-F

lo
o
d
—

d
e
a
th

s-
a
n
n
u
a
l-
n
u
m
b
e
r

1
5
5

4
1

2
2
.9

2
6
.0

2
2
.4

1
7
.5

2
7
.7

3
0
.3

1
5
.0

3
7
.6

1
2
9
-S

to
rm

—
d
e
a
th

s-
a
n
n
u
a
l-
n
u
m
b
e
r

1
4
3

5
3

2
1
.2

3
1
.7

4
4
.3

1
4
.7

4
4
.7

3
3
.7

1
5
.0

2
3
.8

1
3
6
-F

lo
o
d
—

a
↵
e
c
te

d
-a

n
n
u
a
l-
n
u
m
b
e
r

1
5
5

4
1

2
2
.9

2
6
.0

2
2
.4

1
7
.5

2
7
.7

3
0
.3

1
5
.0

3
7
.6

1
3
7
-S

to
rm

—
a
↵
e
c
te

d
-a

n
n
u
a
l-
n
u
m
b
e
r

1
4
3

5
3

2
1
.2

3
1
.7

4
4
.3

1
4
.7

4
4
.7

3
3
.7

1
5
.0

2
3
.8

1
4
0
-C

O
2
-i
n
te

n
si
ty

-o
f-
e
c
o
n
o
m
ic
-o

u
tp

u
t-
(k

g
-C

O
2
-p

e
r-
2
0
0
5
-P

P
P
-D

-o
f-
G
D
P
)

1
6
9

2
7

2
2
.3

2
8
.0

2
1
.4

1
3
.1

3
1
.2

3
8
.2

2
8
.2

3
5
.0

1
4
2
-S

u
lf
u
r-
e
m
is
si
o
n
s-
p
e
r-
p
e
rs
o
n
-(
k
g
)

1
5
3

4
3

1
6
.4

4
7
.1

4
5
.2

4
6
.2

3
5
.3

4
5
.8

4
4
.6

6
4
.9

1
4
3
-Y

e
a
rl
y
-C

O
2
-e
m
is
si
o
n
s-
(1

0
0
0
-t
o
n
n
e
s)

1
7
1

2
5

2
4
.7

2
0
.3

1
3
.0

1
3
.6

8
.9

3
3
.0

1
9
.6

2
5
.1

1
4
4
-T

o
ta

l-
su

lf
u
r-
e
m
is
si
o
n
-(
k
il
o
to

n
n
e
s)

1
5
3

4
3

1
6
.4

4
7
.1

4
5
.2

4
6
.2

3
5
.3

4
5
.8

4
4
.6

6
4
.9

1
4
9
-F

o
re

st
-c
o
v
e
ra

g
e
-(
p
)

1
7
3

2
3

2
.6

9
1
.5

9
0
.9

9
0
.6

9
1
.6

9
2
.4

9
1
.2

9
1
.4

1
5
5
-A

g
ri
c
u
lt
u
ra

l-
la
n
d
-(
p
-o

f-
la
n
d
-a

re
a
)

1
7
8

1
8

2
5
.4

1
8
.2

1
1
.2

6
.1

9
.4

3
4
.0

1
2
.0

2
2
.9

1
5
8
-R

e
n
e
w
a
b
le
-w

a
te

r-
(c

u
-m

e
te

rs
-p

e
r-
p
e
rs
o
n
)

1
6
1

3
5

4
.7

8
4
.8

8
2
.7

8
3
.5

8
1
.8

8
6
.8

8
2
.4

8
9
.2

1
5
9
-I
n
te

rn
a
l-
re

n
e
w
a
b
le
-w

a
te

r-
(c

u
-m

e
te

rs
-p

e
r-
p
e
rs
o
n
)

1
6
0

3
6

4
.7

8
4
.8

8
2
.7

8
3
.5

8
2
.7

8
6
.6

8
2
.4

8
9
.2

1
6
7
-I
n
fa
n
t-
m
o
rt
a
li
ty

-(
ra

te
-p

e
r-
1
0
0
0
-b

ir
th

s)
1
8
3

1
3

2
4
.3

2
1
.7

2
2
.3

1
6
.7

1
3
.3

2
9
.3

2
0
.8

1
8
.6

2
5
3
-T

o
ta

l-
h
e
a
lt
h
-s
p
e
n
d
in

g
-(
p
-o

f-
G
D
P
)

1
4
4

5
2

1
1
.7

6
2
.3

5
9
.6

5
9
.3

6
3
.6

6
3
.4

6
7
.2

6
5
.7

2
5
4
-G

o
v
e
rn

m
e
n
t-
sh

a
re

-o
f-
to

ta
l-
h
e
a
lt
h
-s
p
e
n
d
in

g
-(
p
)

1
7
8

1
8

1
4
.4

5
3
.7

5
1
.4

5
3
.2

5
0
.9

5
5
.0

5
7
.8

5
6
.0

2
5
5
-P

ri
v
a
te

-s
h
a
re

-o
f-
to

ta
l-
h
e
a
lt
h
-s
p
e
n
d
in

g
-(
p
)

1
7
8

1
8

1
4
.4

5
3
.7

5
1
.4

5
3
.2

5
0
.9

5
5
.0

5
7
.8

5
6
.0

18



m
is
si
n
g

d
a
ta

(%
)

S
E
F

N
C

(�
3
)

N
C

(0
)

a
v
.
d
a
ta

A
L
L

A
F
R

A
M

R
E
M

R
E
U
R

S
E
A
R

W
P
R

2
5
6
-O

u
t-
o
f-
p
o
ck

e
t-
sh

a
re

-o
f-
to

ta
l-
h
e
a
lt
h
-s
p
e
n
d
in

g
-(
p
)

1
4
0

5
6

1
1
.3

6
3
.6

5
2
.5

9
2
.4

5
0
.9

6
3
.4

5
7
.8

6
0
.0

2
5
7
-G

o
v
e
rn

m
e
n
t-
h
e
a
lt
h
-s
p
e
n
d
in

g
-o

f-
to

ta
l-
g
o
v
.-
sp

e
n
d
in

g
-(
p
)

1
7
8

1
8

1
4
.4

5
3
.7

5
1
.4

5
3
.2

5
0
.9

5
5
.0

5
7
.8

5
6
.0

2
5
8
-T

o
ta

l-
h
e
a
lt
h
-s
p
e
n
d
in

g
-p

e
r-
p
e
rs
o
n
-(
in
te

rn
a
ti
o
n
a
l-
D
)

1
7
8

1
8

1
4
.4

5
3
.7

5
1
.4

5
3
.2

5
0
.9

5
5
.0

5
7
.8

5
6
.0

2
5
9
-G

o
v
e
rn

m
e
n
t-
h
e
a
lt
h
-s
p
e
n
d
in

g
-p

e
r-
p
e
rs
o
n
-(
in
te

rn
a
ti
o
n
a
l-
D
)

1
7
8

1
8

1
4
.4

5
3
.7

5
1
.4

5
3
.2

5
0
.9

5
5
.0

5
7
.8

5
6
.0

2
6
0
-T

o
ta

l-
h
e
a
lt
h
-s
p
e
n
d
in

g
-p

e
r-
p
e
rs
o
n
-(
U
S
D
)

1
7
6

2
0

1
4
.2

5
4
.2

5
1
.4

5
3
.2

5
0
.9

5
5
.0

6
7
.2

5
6
.0

2
6
1
-G

o
v
e
rn

m
e
n
t-
h
e
a
lt
h
-s
p
e
n
d
in

g
-p

e
r-
p
e
rs
o
n
-(
U
S
D
)

1
7
8

1
8

1
4
.4

5
3
.7

5
1
.4

5
3
.2

5
0
.9

5
5
.0

5
7
.8

5
6
.0

2
6
2
-M

e
d
ic
a
l-
D
o
c
to

rs
-(
p
e
r-
1
0
0
0
-p

e
o
p
le
)

1
7
4

2
0

1
1
.5

6
2
.9

7
6
.3

6
9
.4

6
4
.5

4
1
.1

6
9
.2

7
1
.8

2
6
4
-A

d
u
lt
s-
w
it
h
-H

IV
-(
p
-a

g
e
-1

5
-4

9
)

1
3
8

5
2

1
5
.0

5
1
.6

4
1
.2

4
5
.6

6
2
.8

5
1
.3

4
4
.0

7
1
.8

2
7
3
-B

ir
th

s-
a
tt
e
n
d
e
d
-b

y
-s
k
il
le
d
-h

e
a
lt
h
-s
ta

↵
-(
p
-o

f-
to

ta
l)

1
4
6

2
4

5
.7

8
1
.6

8
7
.9

7
6
.0

8
5
.0

7
5
.8

8
2
.4

8
6
.7

2
7
5
-M

a
te

rn
a
l-
m
o
rt
a
li
ty

-r
a
ti
o
-(
p
e
r-
1
0
0
0
0
0
-l
iv
e
-b

ir
th

s)
1
6
6

2
4

2
.6

9
1
.6

9
0
.8

9
1
.4

9
0
.3

9
2
.0

9
2
.1

9
3
.4

2
7
7
-M

a
te

rn
a
l-
d
e
a
th

s-
li
fe
ti
m
e
-r
is
k
-(
p
e
r-
1
0
0
0
)

1
5
8

3
0

2
.5

9
2
.0

9
1
.1

9
1
.9

9
0
.3

9
2
.2

9
2
.1

9
4
.9

2
7
9
-S

u
ic
id

e
-(
p
e
r-
1
0
0
0
0
0
-p

e
o
p
le
)

1
7
9

1
5

8
.9

7
1
.2

8
9
.4

6
3
.0

8
7
.0

4
8
.1

8
9
.1

7
7
.1

2
8
1
-S

u
g
a
r-
p
e
r-
p
e
rs
o
n
-(
g
-p

e
r-
d
a
y
)

1
5
9

3
7

1
9
.1

3
8
.3

2
7
.1

2
1
.7

4
6
.8

4
8
.9

3
4
.0

5
2
.2

2
8
2
-F

o
o
d
-s
u
p
p
ly
-(
k
il
o
c
a
lo
ri
e
s—

p
e
rs
o
n
-a

n
d
-d

a
y
)

1
6
0

3
4

2
1
.6

3
0
.3

1
8
.3

1
2
.3

4
0
.2

4
0
.8

2
6
.1

4
6
.5

2
8
7
-B

o
d
y
-M

a
ss
-I
n
d
e
x
-(
B
M

I)
-m

e
n
-K

g
-m

2
1
7
8

1
8

2
6
.3

1
5
.0

1
2
.4

9
.2

1
0
.7

2
1
.8

1
5
.0

1
6
.8

2
8
8
-B

o
d
y
-M

a
ss
-I
n
d
e
x
-(
B
M

I)
-w

o
m
e
n
-K

g
-m

2
1
7
8

1
8

2
6
.3

1
5
.0

1
2
.4

9
.2

1
0
.7

2
1
.8

1
5
.0

1
6
.8

2
8
9
-B

lo
o
d
-p

re
ss
u
re

-(
S
B
P
)-
m
e
n
-m

m
H
g

1
7
8

1
8

2
6
.3

1
5
.0

1
2
.4

9
.2

1
0
.7

2
1
.8

1
5
.0

1
6
.8

2
9
0
-B

lo
o
d
-p

re
ss
u
re

-(
S
B
P
)-
w
o
m
e
n
-m

m
H
g

1
7
8

1
8

2
6
.3

1
5
.0

1
2
.4

9
.2

1
0
.7

2
1
.8

1
5
.0

1
6
.8

2
9
1
-C

h
o
le
st
e
ro

l-
(f
a
t)
-i
n
-b

lo
o
d
-m

e
n
-m

m
o
l-
L

1
7
8

1
8

2
6
.3

1
5
.0

1
2
.4

9
.2

1
0
.7

2
1
.8

1
5
.0

1
6
.8

2
9
2
-C

h
o
le
st
e
ro

l-
(f
a
t)
-i
n
-b

lo
o
d
-w

o
m
e
n
-m

m
o
l-
L

1
7
8

1
8

2
6
.3

1
5
.0

1
2
.4

9
.2

1
0
.7

2
1
.8

1
5
.0

1
6
.8

2
9
3
-I
n
fe
c
ti
o
u
s-
T
B
-n

e
w
-c
a
se

s-
p
e
r-
1
0
0
0
0
0
—

e
st
im

a
te

d
1
8
2

1
4

1
6
.7

4
6
.1

4
4
.4

4
3
.6

4
7
.2

4
8
.3

4
7
.2

4
6
.2

2
9
4
-I
n
fe
c
ti
o
u
s-
T
B
-n

e
w
-c
a
se

s-
p
e
r-
1
0
0
0
0
0
—

re
p
o
rt
e
d

1
8
2

1
4

1
2
.7

5
9
.0

6
0
.1

5
5
.4

5
9
.2

6
0
.9

5
7
.2

5
8
.1

2
9
7
-I
n
fe
c
ti
o
u
s-
T
B
-d

e
te

c
ti
o
n
-r
a
te

-(
p
)

1
7
7

1
9

1
2
.4

5
9
.9

6
0
.8

5
7
.3

5
9
.2

6
2
.2

5
7
.2

5
8
.3

2
9
8
-I
n
fe
c
ti
o
u
s-
T
B
-d

e
te

c
ti
o
n
-r
a
te

-(
p
)—

D
O
T
S
-o

n
ly

1
6
8

2
3

8
.8

7
1
.8

7
0
.1

7
1
.3

6
7
.3

7
7
.8

6
3
.9

6
9
.7

2
9
9
-I
n
fe
c
ti
o
u
s-
T
B
-t
re

a
tm

e
n
t-
(D

O
T
S
)-
c
o
m
p
le
te

d
-(
p
)

1
6
5

2
7

8
.2

7
3
.6

7
0
.7

7
3
.2

6
8
.9

8
0
.6

6
4
.5

7
2
.2

3
0
0
-T

B
-p

ro
g
ra

m
m
e
-(
D
O
T
S
)-
p
o
p
u
la
ti
o
n
-c
o
v
e
ra

g
e
-(
p
)

1
8
2

1
4

1
0
.8

6
5
.3

6
6
.4

6
4
.0

6
4
.7

6
5
.8

6
3
.3

6
5
.0

3
0
1
-A

ll
-f
o
rm

s-
o
f-
T
B
-n

e
w
-c
a
se

s-
p
e
r-
1
0
0
0
0
0
—

e
st
im

a
te

d
1
8
2

1
3

1
6
.7

4
6
.1

4
4
.4

4
3
.6

4
7
.2

4
8
.2

4
7
.2

4
6
.2

3
0
2
-A

ll
-f
o
rm

s-
o
f-
T
B
-e
x
is
ti
n
g
-c
a
se

s-
p
e
r-
1
0
0
0
0
0
—

e
st
im

a
te

d
1
8
2

1
4

1
6
.7

4
6
.1

4
4
.4

4
3
.6

4
7
.2

4
8
.3

4
7
.2

4
6
.2

3
0
3
-A

ll
-f
o
rm

s-
o
f-
T
B
-d

e
a
th

s-
p
e
r-
1
0
0
0
0
0
—

e
st
im

a
te

d
1
8
2

1
4

1
6
.7

4
6
.1

4
4
.4

4
3
.6

4
7
.2

4
8
.3

4
7
.2

4
6
.2

3
0
4
-A

ll
-f
o
rm

s-
o
f-
T
B
-n

e
w
-c
a
se

s-
p
e
r-
1
0
0
0
0
0
—

re
p
o
rt
e
d

1
8
2

1
4

2
4
.5

2
1
.1

2
2
.4

1
4
.6

2
4
.2

2
2
.6

2
3
.2

2
0
.2

3
0
9
-A

ll
-f
o
rm

s-
o
f-
T
B
-d

e
te

c
ti
o
n
-r
a
te

-(
p
)-

1
7
7

1
9

1
1
.1

6
4
.1

6
5
.0

6
3
.5

6
3
.0

6
5
.6

6
0
.7

6
2
.7

3
1
0
-A

ll
-f
o
rm

s-
o
f-
T
B
-d

e
te

c
ti
o
n
-r
a
te

-(
p
)—

D
O
T
S
-o

n
ly

1
6
8

2
3

8
.8

7
1
.5

7
0
.1

7
0
.7

6
7
.3

7
7
.8

6
3
.9

6
8
.6

3
1
1
-T

B
-w

it
h
-H

IV
+
-n

e
w
-c
a
se

s-
p
e
r-
1
0
0
0
0
0
—

e
st
im

a
te

d
1
8
2

1
4

1
5
.5

5
0
.1

4
5
.6

4
7
.1

5
5
.1

5
2
.5

4
7
.2

5
4
.1

3
1
2
-T

B
-w

it
h
-H

IV
+
-e
x
is
ti
n
g
-c
a
se

s-
p
e
r-
1
0
0
0
0
0
—

e
st
im

a
te

d
1
8
2

1
4

1
5
.7

4
9
.4

4
5
.6

4
7
.1

5
1
.5

5
1
.3

4
7
.2

5
4
.1

3
1
3
-T

B
-w

it
h
-H

IV
+
-d

e
a
th

s-
p
e
r-
1
0
0
0
0
0
—

e
st
im

a
te

d
1
5
0

4
6

1
3
.7

5
5
.9

4
8
.1

5
3
.9

5
9
.2

5
7
.2

4
7
.2

6
9
.9

3
2
4
-B

ro
a
d
b
a
n
d
-s
u
b
sc

ri
b
e
rs
-(
p
e
r-
1
0
0
-p

e
o
p
le
)

1
7
8

1
8

9
.4

6
9
.6

7
0
.6

6
6
.6

6
9
.1

7
0
.1

6
7
.7

7
1
.7

3
2
6
-C

e
ll
-p

h
o
n
e
s-
(p

e
r-
1
0
0
-p

e
o
p
le
)

1
7
6

2
0

2
7
.1

1
2
.6

4
.8

1
0
.1

3
.2

1
7
.0

1
8
.2

2
5
.6

3
2
7
-F

ix
e
d
-l
in

e
-a

n
d
-m

o
b
il
e
-p

h
o
n
e
-s
u
b
sc

ri
b
e
rs
-(
p
e
r-
1
0
0
-p

e
o
p
le
)

1
7
6

2
0

2
2
.6

2
7
.1

2
1
.6

1
9
.5

2
2
.1

3
3
.3

2
4
.0

3
8
.6

3
2
9
-I
n
te

rn
e
t-
u
se

rs
-(
p
e
r-
1
0
0
-p

e
o
p
le
)

1
7
6

2
0

1
5
.5

5
0
.1

4
8
.9

4
7
.4

4
7
.2

4
8
.5

5
3
.4

5
9
.6

3
3
1
-P

e
rs
o
n
a
l-
c
o
m
p
u
te

rs
-(
p
e
r-
1
0
0
-p

e
o
p
le
)

1
6
7

2
4

1
0
.2

6
7
.0

6
9
.9

6
4
.9

6
4
.5

6
6
.4

6
5
.4

6
8
.5

3
3
2
-I
m
p
ro

v
e
d
-s
a
n
it
a
ti
o
n
-o
v
e
ra

ll
-a

c
c
e
ss
-(
p
)

1
7
0

2
6

1
7
.3

4
4
.2

3
9
.2

4
0
.8

4
0
.8

4
7
.4

4
6
.9

5
2
.4

3
3
3
-I
m
p
ro

v
e
d
-s
a
n
it
a
ti
o
n
-u

rb
a
n
-a

c
c
e
ss
-(
p
)

1
7
3

2
3

1
8
.0

4
2
.0

3
7
.9

4
0
.2

3
3
.0

4
4
.6

4
6
.9

5
1
.3

3
3
4
-I
m
p
ro

v
e
d
-s
a
n
it
a
ti
o
n
-r
u
ra

l-
a
c
c
e
ss
-(
p
)

1
6
9

2
7

1
7
.1

4
4
.7

3
8
.8

4
0
.8

4
0
.8

4
8
.6

4
6
.9

5
4
.1

3
3
5
-R

o
a
d
s-
p
a
v
e
d
-(
p
-o

f-
to

ta
l-
ro

a
d
s)

1
5
6

2
6

9
.8

6
8
.3

7
1
.7

6
5
.7

6
3
.3

6
6
.8

6
9
.2

7
2
.8

3
3
6
-I
m
p
ro

v
e
d
-w

a
te

r-
so

u
rc

e
-o
v
e
ra

ll
-a

c
c
e
ss
-(
p
)

1
7
4

2
2

1
7
.9

4
2
.3

3
8
.5

4
2
.3

3
9
.3

4
4
.8

4
6
.6

4
4
.2

3
3
7
-I
m
p
ro

v
e
d
-w

a
te

r-
so

u
rc

e
-u

rb
a
n
-a

c
c
e
ss
-(
p
)

1
7
7

1
9

1
8
.6

4
0
.0

3
7
.2

3
9
.1

3
4
.2

4
2
.3

4
4
.6

4
4
.2

3
3
8
-I
m
p
ro

v
e
d
-w

a
te

r-
so

u
rc

e
-r
u
ra

l-
a
c
c
e
ss
-(
p
)

1
7
1

2
5

1
6
.8

4
5
.8

4
1
.1

4
4
.8

4
1
.9

4
8
.4

4
9
.0

5
1
.6

3
3
9
-P

o
p
u
la
ti
o
n
-a

g
e
d
-0

-4
-y

e
a
rs
-b

o
th

-s
e
x
e
s-
(p

)
1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
0
-P

o
p
u
la
ti
o
n
-a

g
e
d
-5

-9
-y

e
a
rs
-b

o
th

-s
e
x
e
s-
(p

)
1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
1
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

0
-1

4
-y

e
a
rs
-b

o
th

-s
e
x
e
s-
(p

)
1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
2
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

5
-1

9
-y

e
a
rs
-b

o
th

-s
e
x
e
s-
(p

)
1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
3
-P

o
p
u
la
ti
o
n
-a

g
e
d
-2

0
-3

9
-y

e
a
rs
-b

o
th

-s
e
x
e
s-
(p

)
1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
4
-P

o
p
u
la
ti
o
n
-a

g
e
d
-4

0
-5

9
-y

e
a
rs
-b

o
th

-s
e
x
e
s-
(p

)
1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
5
-P

o
p
u
la
ti
o
n
-a

g
e
d
-6

0
+
-y

e
a
rs
-b

o
th

-s
e
x
e
s-
(p

)
1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
6
-P

o
p
u
la
ti
o
n
-a

g
e
d
-0

-4
-y

e
a
rs
-(
to

ta
l-
n
u
m
b
e
r)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
7
-P

o
p
u
la
ti
o
n
-a

g
e
d
-5

-9
-y

e
a
rs
-(
to

ta
l-
n
u
m
b
e
r)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
8
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

0
-1

4
-y

e
a
rs
-(
to

ta
l-
n
u
m
b
e
r)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
4
9
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

5
-1

9
-y

e
a
rs
-(
to

ta
l-
n
u
m
b
e
r)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

19



m
is
si
n
g

d
a
ta

(%
)

S
E
F

N
C

(�
3
)

N
C

(0
)

a
v
.
d
a
ta

A
L
L

A
F
R

A
M

R
E
M

R
E
U
R

S
E
A
R

W
P
R

3
5
0
-P

o
p
u
la
ti
o
n
-a

g
e
d
-2

0
-3

9
-y

e
a
rs
-(
to

ta
l-
n
u
m
b
e
r)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
1
-P

o
p
u
la
ti
o
n
-a

g
e
d
-4

0
-5

9
-y

e
a
rs
-(
to

ta
l-
n
u
m
b
e
r)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
2
-P

o
p
u
la
ti
o
n
-a

g
e
d
-6

0
+
-y

e
a
rs
-(
to

ta
l-
n
u
m
b
e
r)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
3
-P

o
p
u
la
ti
o
n
-a

g
e
d
-0

-4
-y

e
a
rs
-f
e
m
a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
4
-P

o
p
u
la
ti
o
n
-a

g
e
d
-5

-9
-y

e
a
rs
-f
e
m
a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
5
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

0
-1

4
-y

e
a
rs
-f
e
m
a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
6
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

5
-1

9
-y

e
a
rs
-f
e
m
a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
7
-P

o
p
u
la
ti
o
n
-a

g
e
d
-2

0
-3

9
-y

e
a
rs
-f
e
m
a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
8
-P

o
p
u
la
ti
o
n
-a

g
e
d
-4

0
-5

9
-y

e
a
rs
-f
e
m
a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
5
9
-P

o
p
u
la
ti
o
n
-a

g
e
d
-6

0
+
-y

e
a
rs
-f
e
m
a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
0
-P

o
p
u
la
ti
o
n
-a

g
e
d
-0

-4
-y

e
a
rs
-m

a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
1
-P

o
p
u
la
ti
o
n
-a

g
e
d
-5

-9
-y

e
a
rs
-m

a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
2
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

0
-1

4
-y

e
a
rs
-m

a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
3
-P

o
p
u
la
ti
o
n
-a

g
e
d
-1

5
-1

9
-y

e
a
rs
-m

a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
4
-P

o
p
u
la
ti
o
n
-a

g
e
d
-2

0
-3

9
-y

e
a
rs
-m

a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
5
-P

o
p
u
la
ti
o
n
-a

g
e
d
-4

0
-5

9
-y

e
a
rs
-m

a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
6
-P

o
p
u
la
ti
o
n
-a

g
e
d
-6

0
+
-y

e
a
rs
-m

a
le
-(
p
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
6
7
-P

o
p
u
la
ti
o
n
-g

ro
w
th

-(
a
n
n
u
a
l-
p
)

1
7
6

2
0

2
7
.8

1
0
.3

4
.3

8
.8

0
.6

1
2
.7

1
8
.2

2
2
.3

3
6
8
-C

ru
d
e
-b

ir
th

-r
a
te

-(
b
ir
th

s-
p
e
r-
1
0
0
0
-p

o
p
u
la
ti
o
n
)

1
6
8

2
8

5
.1

8
3
.4

8
2
.3

8
2
.9

8
1
.5

8
4
.2

8
2
.4

8
6
.4

3
6
9
-C

ru
d
e
-d

e
a
th

-r
a
te

-(
d
e
a
th

s-
p
e
r-
1
0
0
0
-p

o
p
u
la
ti
o
n
)

1
6
8

2
8

5
.1

8
3
.4

8
2
.3

8
2
.9

8
1
.5

8
4
.2

8
2
.4

8
6
.4

3
7
0
-T

e
e
n
-f
e
rt
il
it
y
-r
a
te

-(
b
ir
th

s-
p
e
r-
1
0
0
0
-w

o
m
e
n
-a

g
e
s-
1
5
-1

9
)

1
8
0

1
5

1
7
.1

4
4
.8

5
4
.8

4
3
.1

4
9
.4

3
0
.7

5
4
.3

5
0
.5

3
7
2
-S

e
x
-r
a
ti
o
-(
a
ll
-a

g
e
-g

ro
u
p
s)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
7
3
-S

e
x
-r
a
ti
o
-(
0
-1

4
-y

e
a
rs
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
7
4
-S

e
x
-r
a
ti
o
-(
1
5
-2

4
-y

e
a
rs
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
7
5
-S

e
x
-r
a
ti
o
-(
1
5
-4

9
-y

e
a
rs
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
7
6
-S

e
x
-r
a
ti
o
-(
a
b
o
v
e
-5

0
-y

e
a
rs
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
7
9
-U

rb
a
n
-p

o
p
u
la
ti
o
n
-(
p
-o

f-
to

ta
l)

1
7
6

2
0

2
7
.8

1
0
.2

4
.3

8
.8

0
.0

1
2
.7

1
8
.2

2
2
.2

3
8
0
-U

rb
a
n
-p

o
p
u
la
ti
o
n
-g

ro
w
th

-(
a
n
n
u
a
l-
p
)

1
7
6

2
0

2
7
.8

1
0
.4

4
.3

8
.8

0
.6

1
3
.3

1
8
.2

2
2
.2

3
8
1
-C

h
il
d
re

n
-a

n
d
-e
ld

e
rl
y
-(
p
e
r-
1
0
0
-a

d
u
lt
s)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
8
2
-M

e
d
ia
n
-a

g
e
-(
y
e
a
rs
)

1
6
8

2
8

6
.0

8
0
.6

7
9
.3

8
0
.1

7
8
.4

8
1
.5

7
9
.5

8
4
.1

3
8
3
-P

o
p
u
la
ti
o
n
-d

e
n
si
ty

-(
p
e
r-
sq

u
a
re

-k
m
)

1
7
8

1
8

2
8
.2

9
.2

4
.3

8
.8

0
.0

1
2
.7

1
8
.2

1
4
.8

3
8
6
-M

u
rd

e
r-
(p

e
r-
1
0
0
0
0
0
-p

e
o
p
le
)

1
8
0

1
5

9
.5

6
9
.5

8
8
.9

5
7
.6

8
6
.4

4
6
.9

8
5
.3

7
6
.5

3
8
8
-D

e
m
o
c
ra

c
y
-s
c
o
re

-(
u
se

-a
s-
c
o
lo
r)

1
5
4

4
2

2
4
.0

2
2
.5

1
2
.2

2
9
.4

6
.0

2
3
.8

1
8
.2

4
4
.4

3
8
9
-H

D
I-
(H

u
m
a
n
-D

e
v
e
lo
p
m
e
n
t-
In

d
e
x
)

1
6
3

3
3

6
.0

8
0
.7

7
8
.7

7
8
.7

7
8
.2

8
1
.9

8
1
.8

8
5
.7

4
0
8
-A

g
e
d
-1

5
-2

4
-e
m
p
lo
y
m
e
n
t-
ra

te
-(
p
)

1
5
7

3
9

1
3
.6

5
6
.1

5
1
.0

5
6
.5

5
0
.1

5
7
.1

5
0
.1

6
9
.5

4
0
9
-A

g
e
d
-1

5
+
-e
m
p
lo
y
m
e
n
t-
ra

te
-(
p
)

1
5
7

3
9

1
3
.6

5
6
.1

5
1
.0

5
6
.5

5
0
.1

5
7
.1

5
0
.1

6
9
.5

4
1
0
-F

e
m
a
le
s-
a
g
e
d
-1

5
-2

4
-e
m
p
lo
y
m
e
n
t-
ra

te
-(
p
)

1
5
7

3
9

1
3
.6

5
6
.1

5
1
.0

5
6
.5

5
0
.1

5
7
.1

5
0
.1

6
9
.5

4
1
1
-F

e
m
a
le
s-
a
g
e
d
-1

5
+
-e
m
p
lo
y
m
e
n
t-
ra

te
-(
p
)

1
5
7

3
9

1
3
.6

5
6
.1

5
1
.0

5
6
.5

5
0
.1

5
7
.1

5
0
.1

6
9
.5

4
1
2
-M

a
le
s-
a
g
e
d
-1

5
-2

4
-e
m
p
lo
y
m
e
n
t-
ra

te
-(
p
)

1
5
7

3
9

1
3
.6

5
6
.1

5
1
.0

5
6
.5

5
0
.1

5
7
.1

5
0
.1

6
9
.5

4
1
3
-M

a
le
s-
a
g
e
d
-1

5
+
-e
m
p
lo
y
m
e
n
t-
ra

te
-(
p
)

1
5
7

3
9

1
3
.6

5
6
.1

5
1
.0

5
6
.5

5
0
.1

5
7
.1

5
0
.1

6
9
.5

4
1
4
-A

g
e
d
-1

5
-6

4
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
1
5
-A

g
e
d
-2

5
-5

4
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
1
6
-A

g
e
d
-1

5
+
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
1
7
-A

g
e
d
-6

5
+
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
1
8
-F

e
m
a
le
s-
a
g
e
d
-1

5
-6

4
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
1
9
-F

e
m
a
le
s-
a
g
e
d
-2

5
-5

4
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
2
0
-F

e
m
a
le
s-
a
g
e
d
-1

5
+
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
2
1
-F

e
m
a
le
s-
a
g
e
d
-6

5
+
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
2
2
-M

a
le
s-
a
g
e
d
-1

5
-6

4
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
2
3
-M

a
le
s-
a
g
e
d
-2

5
-5

4
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
2
4
-M

a
le
s-
a
g
e
d
-1

5
+
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
2
5
-M

a
le
s-
a
g
e
d
-6

5
+
-l
a
b
o
u
r-
fo
rc

e
-p

a
rt
ic
ip

a
ti
o
n
-r
a
te

-(
p
)

1
6
4

3
2

2
3
.4

2
4
.4

1
7
.4

2
3
.0

1
3
.8

2
9
.4

1
7
.9

3
9
.8

4
4
1
-U

n
d
e
r-
fi
v
e
-m

o
rt
a
li
ty

-f
ro

m
-C

M
E
-(
p
e
r-
1
0
0
0
-b

o
rn

)
1
8
2

1
4

2
8
.3

8
.6

6
.5

4
.4

5
.0

1
5
.1

1
2
.0

6
.2

4
4
2
-U

n
d
e
r-
fi
v
e
-m

o
rt
a
li
ty

-f
ro

m
-I
H
M

E
-(
p
e
r-
1
0
0
0
-b

o
rn

)
1
5
9

3
7

2
5
.1

1
8
.9

8
.5

1
4
.7

9
.1

2
1
.8

1
8
.2

4
4
.4

4
4
3
-O

ld
-v

e
rs
io
n
-o

f-
In

c
o
m
e
-p

e
r-
p
e
rs
o
n
-(
v
e
rs
io
n
-3

)
1
7
4

2
1

2
3
.1

2
5
.4

1
6
.3

2
3
.0

2
7
.6

3
2
.7

1
7
.9

3
0
.9

4
4
4
-O

ld
-v

e
rs
io
n
-o

f-
In

c
o
m
e
-p

e
r-
p
e
rs
o
n
-(
v
e
rs
io
n
-8

)
1
8
0

1
5

2
6
.9

1
3
.2

9
.5

6
.2

9
.2

2
1
.6

1
2
.3

1
4
.8

4
4
5
-A

lt
e
rn

a
ti
v
e
-G

D
P
-c
a
p
it
a
-(
P
P
P
D
-i
n
fl
a
ti
o
n
-a

d
ju

st
e
d
)-
fr
o
m
-P

W
T

1
6
0

3
2

1
8
.6

4
0
.0

3
0
.4

3
5
.3

4
3
.3

4
9
.0

3
6
.1

4
2
.9

4
4
6
-S

u
b
si
st
e
n
c
e
-i
n
c
o
m
e
s-
p
e
r-
p
e
rs
o
n

1
8
1

1
4

2
7
.1

1
2
.7

9
.5

6
.2

9
.2

2
1
.6

1
2
.0

1
1
.2

20



m
is
si
n
g

d
a
ta

(%
)

S
E
F

N
C

(�
3
)

N
C

(0
)

a
v
.
d
a
ta

A
L
L

A
F
R

A
M

R
E
M

R
E
U
R

S
E
A
R

W
P
R

4
5
4
-E

c
o
n
o
m
ic
-g

ro
w
th

-o
v
e
r-
th

e
-p

a
st
-1

0
-y

e
a
rs

1
5
1

3
9

1
7
.3

4
4
.1

3
1
.2

3
5
.4

4
7
.5

6
0
.1

3
6
.7

4
5
.3

4
5
6
-I
n
c
o
m
e
-p

e
r-
p
e
rs
o
n
-w

it
h
-p

ro
je
c
ti
o
n
s

1
8
1

1
4

2
8
.0

9
.8

6
.5

2
.9

6
.0

1
8
.9

9
.1

8
.7

4
5
7
-L

if
e
-e
x
p
e
c
ta

n
c
y
-a

t-
b
ir
th

-w
it
h
-p

ro
je
c
ti
o
n
s

1
6
8

2
8

2
6
.6

1
4
.3

8
.5

1
1
.8

4
.5

1
8
.2

9
.1

2
9
.6

4
5
8
-C

h
il
d
re

n
-p

e
r-
w
o
m
a
n
-(
to

ta
l-
fe
rt
il
it
y
)-
w
it
h
-p

ro
je
c
ti
o
n
s

1
6
8

2
8

2
6
.5

1
4
.4

8
.5

1
1
.8

4
.7

1
8
.5

9
.1

2
9
.6

4
6
2
-P

o
p
u
la
ti
o
n
-g

ro
w
th

-(
a
n
n
u
a
l-
p
)-
w
it
h
-p

ro
je
c
ti
o
n
s

1
8
2

1
4

5
.6

8
2
.0

8
1
.9

8
1
.2

8
1
.5

8
3
.1

8
2
.4

8
1
.4

4
6
5
-T

ra
�

c
-d

e
a
th

s-
(p

e
r-
1
0
0
0
0
0
-p

e
o
p
le
)

1
6
1

1
0

9
.2

7
0
.2

8
9
.4

6
1
.5

8
7
.5

4
5
.3

9
0
.0

7
6
.2

4
9
5
-M

a
te

rn
a
l-
m
o
rt
a
li
ty

-r
a
ti
o
-W

H
O

1
6
6

3
0

4
.2

8
6
.3

8
4
.9

8
6
.2

8
3
.9

8
6
.8

8
6
.8

8
9
.8

4
9
7
-A

rm
e
d
-f
o
rc

e
s-
p
e
rs
o
n
n
e
l-
to

ta
l

1
6
1

3
5

1
6
.1

4
8
.1

4
1
.9

4
6
.2

3
8
.1

5
0
.3

4
6
.9

6
5
.0

4
9
8
-A

rm
e
d
-f
o
rc

e
s-
p
e
rs
o
n
n
e
l-
(p

-o
f-
la
b
o
r-
fo
rc

e
)

1
5
7

3
9

1
5
.8

4
9
.0

4
2
.9

4
7
.6

3
8
.6

5
1
.7

4
6
.9

6
5
.0

5
0
5
-E

x
p
o
rt
s-
u
n
it
-v
a
lu

e
-(
in

d
e
x
-2

0
0
0
=
1
0
0
)

1
4
8

4
8

2
0
.4

3
4
.1

2
0
.6

1
0
.4

2
0
.8

6
8
.5

2
5
.2

3
1
.9

5
0
7
-N

e
t-
b
a
rt
e
r-
te

rm
s-
o
f-
tr
a
d
e
-(
2
0
0
0
-=

-1
0
0
)

1
5
0

4
6

1
7
.3

4
4
.2

2
1
.6

2
9
.9

5
2
.5

6
5
.7

4
1
.1

5
2
.4

5
0
8
-D

e
a
d
-k

id
s-
p
e
r-
w
o
m
a
n

1
6
8

2
8

2
6
.6

1
4
.3

8
.5

1
1
.8

4
.5

1
8
.2

9
.1

2
9
.6

5
0
9
-S

u
rv

iv
in

g
-k

id
s-
p
e
r-
w
o
m
a
n

1
6
8

2
8

2
6
.6

1
4
.3

8
.5

1
1
.8

4
.5

1
8
.2

9
.1

2
9
.6

5
1
1
-A

lt
e
rn

a
ti
v
e
-G

D
P
-p

e
r-
c
a
p
it
a
-P

P
P
-W

B
1
6
9

2
7

2
4
.5

2
1
.1

1
2
.7

7
.0

2
5
.8

2
9
.2

3
2
.0

2
8
.4

5
1
2
-A

lt
e
rn

a
ti
v
e
-G

D
P
-p

e
r-
c
a
p
it
a
-P

P
P
-P

W
T
-7

.1
1
7
3

2
3

2
6
.0

1
6
.1

7
.2

2
.9

1
0
.9

3
0
.6

2
7
.3

1
8
.5

21



2.2 Supplementary Table 3: Vaccine Performance Index values

AFR 2001 2005 2009 2013

Algeria -0.01 -0.09 -0.38 0.46
Angola -0.15 -0.19 -0.73 -0.22
Benin -0.19 -0.34 -0.19 -0.30
Botswana 1.00 0.94 0.96 0.92
Burkina Faso -0.15 -0.62 -0.31 -0.11
Burundi -0.32 -0.34 0.28 0.76
Cameroon -0.21 -0.18 -0.17 -0.03
Cape Verde -0.03 0.06 0.98 0.19
Central African Republic -0.20 -0.36 -0.54 -0.22
Chad -0.30 -0.19 -0.21 -0.38
Comoros -0.45 -0.39 -0.63 -0.53
Congo -0.26 -0.11 -0.46 -0.53
Cote d’Ivoire -0.22 -0.16 -0.06 -0.39
Democratic Republic of the Congo -0.44 -0.58 -0.19 -0.21
Equatorial Guinea -0.84 -0.42 -0.54 -0.52
Eritrea -0.31 0.81 0.58 0.62
Ethiopia -0.45 -0.28 -0.45 -0.32
Gabon -0.17 -0.24 -0.19 -0.65
Gambia -0.21 -0.26 0.42 0.96
Ghana -0.01 -0.06 -0.05 0.02
Guinea -0.32 -0.21 -0.22 -0.26
Guinea-Bissau -0.39 -0.38 -0.43 -0.32
Kenya -0.15 -0.21 -0.43 -0.54
Lesotho -0.56 -0.47 -0.02 0.34
Liberia NaN -0.97 -0.45 -0.65
Madagascar -0.14 -0.00 -0.73 -0.24
Malawi -0.32 -0.23 -0.11 0.18
Mali -0.40 -0.24 -0.23 -0.18
Mauritania -0.47 -0.50 -0.31 -0.35
Mauritius -0.26 0.11 0.95 0.98
Mozambique -0.17 -0.01 -0.07 -0.09
Namibia -0.46 -0.28 -0.14 -0.11
Niger -0.12 -0.07 -0.22 -0.03
Nigeria -0.26 -0.36 -0.56 -0.12
Rwanda -0.25 -0.22 0.48 0.85
Sao Tome and Principe -0.37 0.20 0.85 0.81
Senegal -0.23 -0.58 -0.13 -0.02
Seychelles 0.82 0.99 0.99 1.00
Sierra Leone NaN -0.51 -0.44 -0.13
South Africa -0.21 -0.20 -0.43 -0.29
Suriname -0.26 -0.38 -0.39 -0.26
Swaziland -0.30 -0.30 -0.52 -0.40
Togo -0.24 -0.26 -0.27 -0.26
Uganda -0.01 -0.06 -0.06 -0.19
United Republic of Tanzania -0.17 0.55 -0.20 -0.15
Zambia -0.21 -0.20 -0.76 -0.17
Zimbabwe -0.28 -0.44 -0.29 0.95

AMR 2001 2005 2009 2013

Antigua and Barbuda 0.95 0.89 0.93 0.96
Argentina -0.07 -0.07 0.11 0.18
Bahamas 0.09 0.27 0.21 0.74
Barbados 0.20 -0.27 -0.03 -0.18
Belize -0.20 0.23 0.78 0.86
Bolivia -0.25 -0.23 -0.11 0.30
Brazil 0.99 0.29 0.99 0.94
Canada -0.15 -0.12 0.22 0.65
Chile -0.43 0.21 0.29 0.08
Colombia -0.47 -0.15 -0.14 -0.42
Costa Rica -0.28 -0.32 -0.32 -0.50
Cuba 0.65 0.35 -0.23 -0.15
Dominica 0.89 0.98 0.66 0.69
Dominican Republic -0.27 -0.36 -0.09 -0.10
Ecuador -0.19 -0.05 0.99 1.00
El Salvador 0.78 0.09 0.76 -0.00
Grenada 0.24 0.58 0.54 0.71
Guatemala -0.36 -0.20 -0.67 -0.03
Guyana -0.05 -0.11 0.12 0.44
Haiti -0.19 -0.23 -0.09 -0.00
Honduras 0.73 0.20 0.55 0.26
Jamaica 0.27 0.98 0.28 0.32
Mexico 0.92 1.00 0.97 1.00
Nicaragua -0.16 -0.19 0.99 0.99
Panama 0.58 0.85 -0.18 -0.30
Paraguay -0.22 -0.32 -0.34 -0.26

Peru 0.99 0.11 0.29 -0.06
Saint Kitts and Nevis 0.85 0.75 0.94 0.65
Saint Lucia -0.09 -0.03 0.01 0.40
Saint Vincent and the Grenadines 0.77 0.99 0.99 0.86
Trinidad and Tobago 0.00 0.27 -0.07 -0.11
United States -0.37 0.72 0.91 0.91
Uruguay 0.06 0.16 0.15 0.66
Venezuela -0.73 -0.89 -0.15 -0.47

EMR 2001 2005 2009 2013

Afghanistan -0.29 -0.52 -0.22 -0.10
Armenia -0.38 0.15 -0.16 -0.01
Bahrain 0.94 0.94 0.92 1.00
Djibouti -0.14 -0.56 -0.34 -0.29
Egypt 0.93 0.87 0.88 0.17
Iran (Islamic Republic of) 1.00 0.98 0.94 0.97
Iraq -0.30 -0.47 -0.05 -0.40
Jordan 0.71 0.70 0.70 0.76
Kuwait 0.95 0.82 0.97 0.96
Lebanon -0.62 -0.21 -0.03 -0.12
Libyan Arab Jamahiriya 0.64 0.97 1.00 1.00
Morocco 0.84 0.69 0.88 1.00
Oman 0.99 0.99 1.00 1.00
Pakistan -0.21 -0.16 -0.02 -0.07
Qatar -0.78 0.51 0.72 0.44
Saudi Arabia 0.70 0.77 0.90 1.00
Somalia -0.14 -0.08 -0.09 -0.25
Sudan -0.04 -0.12 -0.14 0.03
Syrian Arab Republic -0.15 -0.21 -0.48 -1.00
Tunisia 1.00 0.89 0.98 0.96
UAE 0.36 0.33 -0.09 0.04
Yemen -0.26 -0.39 -0.38 -0.18

EUR 2001 2005 2009 2013

Albania 0.70 0.75 0.90 0.99
Andorra -0.23 0.97 0.95 0.98
Austria -0.00 -0.47 -0.44 -0.40
Azerbaijan -0.07 -0.05 -0.04 -0.08
Belarus 1.00 0.32 0.63 0.57
Belgium -0.36 0.03 0.99 1.00
Bosnia and Herzegovina -0.26 -0.19 0.26 0.03
Bulgaria 0.08 0.07 -0.07 0.11
Croatia -0.00 0.99 1.00 0.99
Cyprus 0.85 0.99 1.00 1.00
Czech Republic 0.99 0.99 0.99 1.00
Czechoslovakia NaN NaN NaN NaN
Denmark 0.14 0.73 0.16 0.25
Estonia 0.12 0.39 0.74 -0.05
Finland 0.99 0.93 0.99 1.00
France 0.88 0.89 1.00 1.00
Georgia -0.27 -0.26 0.25 0.22
Germany -0.05 0.43 0.78 0.81
Greece -0.33 0.41 1.00 1.00
Hungary 1.00 1.00 1.00 1.00
Iceland 0.99 1.00 0.59 0.02
Ireland -0.11 -0.04 0.01 0.83
Israel 0.92 0.93 0.87 0.38
Italy 0.10 0.35 0.72 0.79
Kazakhstan 0.34 0.39 0.68 0.91
Kyrgyzstan 0.90 0.99 0.18 0.72
Latvia 0.25 0.86 0.88 0.11
Lithuania 0.51 0.36 0.98 0.51
Luxembourg 1.00 1.00 1.00 1.00
Malta 0.25 0.51 -0.62 1.00
Monaco 1.00 1.00 1.00 1.00
Montenegro NaN NaN NaN 0.47
Netherlands 1.00 1.00 1.00 1.00
Norway -0.15 0.19 0.08 0.19
occupied Palestinian territory NaN NaN NaN NaN
Poland 1.00 1.00 1.00 1.00
Portugal 0.95 0.99 0.85 0.90
Republic of Moldova -0.24 0.95 0.07 -0.01
Romania 0.89 0.97 0.74 -0.20
Russia 0.66 1.00 1.00 0.97
San Marino 0.89 0.35 0.09 -0.69
Serbia 0.59 -0.27 0.43 0.28
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Slovakia 1.00 1.00 1.00 1.00
Slovenia -0.23 -0.29 0.80 0.66
Spain 0.11 0.96 0.90 0.98
Sweden 1.00 1.00 1.00 1.00
Switzerland -0.01 -0.03 0.42 0.99
Tajikistan -0.24 -0.09 -0.11 0.39
Macedonia 0.59 0.56 0.54 0.68
Turkey -0.42 -0.50 0.20 0.79
Turkmenistan 0.36 0.21 0.68 0.70
Ukraine 1.00 0.98 0.44 -0.19
Former USSR NaN NaN NaN NaN
United Kingdom -0.01 -0.01 -0.01 1.00
Uzbekistan 0.73 0.86 0.72 1.00

SEAR 2001 2005 2009 2013

Bangladesh -0.28 0.96 0.45 0.71
Bhutan 0.29 0.14 0.18 0.57
Korea, Democratic People’s Republic of -0.26 -0.45 -0.12 0.99
India -0.34 -0.15 -0.64 -0.26
Indonesia -0.33 -0.25 -0.03 -0.03
Maldives 0.77 0.69 0.96 0.90
Burma -0.20 -0.21 -0.36 -0.35
Nepal -0.01 -0.16 -0.05 -0.13
Sri Lanka 1.00 1.00 0.97 0.99
Thailand 1.00 1.00 1.00 1.00
Timor Leste NaN NaN -0.02 -0.53

WPR 2001 2005 2009 2013

Australia 0.04 -0.12 -0.17 -0.07
Brunei Darussalam 0.54 0.01 0.81 0.09
Cambodia -0.11 -0.09 -0.38 0.68
China -0.28 -0.36 0.97 1.00
Cook Islands 0.23 0.26 0.91 0.48
Fiji 0.12 0.30 0.99 1.00
Japan -0.31 0.19 0.65 0.86
Kiribati -0.12 -0.17 -0.41 -0.04
Lao People’s Democratic Republic -0.37 -0.33 -0.29 -0.23
Malaysia 0.99 0.35 0.93 0.78
Marshall Islands -0.37 -0.64 -0.30 -0.26
Micronesia, Federated States of -0.62 -0.23 -0.62 -0.17
Mongolia 0.04 1.00 0.46 1.00
Nauru -0.35 -0.44 0.48 0.44
New Zealand -0.27 -0.08 -0.11 -0.05
Niue 0.97 0.93 0.62 0.76
Palau 0.13 0.56 0.64 -0.12
Papua New Guinea -0.20 -0.20 -0.11 -0.50
Philippines -0.38 -0.06 -0.16 -0.03
Korea, Republic of 0.20 0.20 0.33 0.66
Samoa 0.92 -0.10 -0.26 0.00
Singapore 0.94 0.73 0.86 0.82
Solomon Islands -0.16 -0.20 -0.16 -0.50
Tonga 0.62 0.32 0.89 0.89
Tuvalu 0.18 0.21 0.30 0.25
Vanuatu -0.20 -0.32 -0.38 -0.48
Vietnam 0.37 0.74 0.40 0.15
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2.3 Supplementary Figures: Correlates of BCG, DTP1, MCV, POL3
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Figure S9: Historic and recent best-performing correlates with BCG and DTP1 coverage
Time-averaged Spearman’s rank correlation values between socio-economic factors and BCG (A)
and DTP coverage (B).
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Figure S10: Historic and recent best-performing correlates with MCV and POL3 cover-
age Time-averaged Spearman’s rank correlation values between socio-economic factors and MCV
(A) and POL3 coverage (B).
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