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Abstract

Background: National welfare policies have the potential to influence population health. Yet, no research has
investigated the influence that welfare spending levels have on primary prevention interventions.

Methods: This study uses generalized linear mixed model Bayesian analysis to explore how welfare spending
influences the relationship between measles counts and measles vaccination rates at a national level. Furthermore,
models include random effects to account for the nested structure of countries within regions. A conditional
autoregressive model was also developed to test for the influence of spatial relationships among the variables of
interest.

Results: Analysis of the Bayesian Information Criterion (BIC) indicated that the non-spatial model
(BIC=19743.090) was preferred over the spatial model (BIC = 24225.730). The final model found that both the
first dose of measles vaccine (B =-0.835, 95% Cr. 1. =-0.975, -0.699), public social protection (B =-0.936, 95% Cr.
I. = -1.132, -0.744), and their interaction (B = -0.239, 95% Cr. 1. -0.319, -0.156) had a negative influence on
national measles counts.

Conclusions: This finding indicates that welfare spending may enhance primary prevention interventions, like
measles vaccination.
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1. An International Spatial Analysis of Welfare Spending’s Influence on Measles

National policies are important in shaping people’s lives and have implications for their health (Jorm & Ryan,
2014). Welfare policies are an example of national policies that have a role in shaping national political
environments and impact people throughout their lives (Ferrarini, 2006). Therefore, it is important to understand
how welfare policies may impact health. Some theorists have asserted that welfare policies have their influence
through socializing risk and providing equal opportunities (Esping-Andersen, 1990; Esping-Andersen, 2009).
Exploring the ways in which national welfare policies influence health is important in understanding the impact of
such policies on peoples’ lives.

Previous research exploring the influence of welfare policies on health has unearthed some important findings.
Research has indicated that countries that are increasingly egalitarian show improved population health outcomes
(Ng, Muntaner, & Chung, 2016). For example, social democratic welfare states are considered the most
redistributive and have the lowest infant mortality rates (Raphael, 2013). In addition, liberal welfare states are
considered the least redistributive and have the highest infant mortality rates (Raphael, 2013). Furthermore,
welfare policy research has found that social democratic welfare states promote better women'’s health (Borrell et
al., 2014), and poor self-reported health is less likely among the unemployed in countries with high levels of
welfare benefits (Shahidi, Siddiqi, & Muntaner, 2016). These studies have helped to uncover the impact of welfare
policies on health. However, there are areas of research that remain unexplored.

Few researchers have investigated how welfare policies influence the outcomes of health interventions, like
immunizations. Of the research that explores welfare policies related to immunizations, most only use descriptive
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statistics to explore variables. In fact, in an extensive literature review, Daku, Raub, and Heymann (2012) were the
only researchers to publish an article that used statistical inference to explore countries’ maternity leave benefits in
relation to childhood immunization rates. They found that maternity leave length and income replacement have a
positive relationship with childhood immunization rates. However, this study focused on one specific type of
welfare benefit rather than a comprehensive indicator of welfare benefits.

A country’s spending on welfare benefits and services may have implications for how people respond to
preventative health interventions. Immunizations are preventative health interventions that can have serious
implications for individual and national health. However, little research has focused on welfare policies’ influence
on immunizations and their outcomes. Measles immunization is an important preventative health intervention to
study because of its high level of infectiousness, recent outbreaks, and inclusion as an international health priority
(United Nations, 2015). Furthermore, countries with similar welfare policies are often located near to each other
(Esping-Andersen, 1990; Esping-Andersen, 2009); yet, limited welfare policy research has explored the impact of
geography on these relationships. Therefore, spatial analytic methods are an important consideration in exploring
relationships between measles and welfare spending. This research will account for significant spatial
relationships while exploring national welfare spending’s influence on the relationship between national measles
immunizations rates and national measles cases.

2. Variables and Selection of Measurement Methods
2.1 Welfare Spending

To examine national welfare spending, this study looks specifically at public social protection (PSP) expenditure
as a proportion of gross domestic product (GDP). PSP is commonly used to represent the share of resources
distributed according to social criteria, rather than market criteria (Esping-Andersen, 1990). PSP represents
spending to reduce and prevent poverty, vulnerability, and social exclusion, including child and family benefits,
maternity protection, unemployment support, employment injury benefits, sickness benefits, health protection,
old-age benefits, disability benefits, and survivors’ benefits (International Labour Organization, 2017). PSP
expenditure as a proportion of GDP was obtained from the International Labour Organization (2017), with data
available for most countries in the years 1995, 2000, 2005, and 2010 to 2015. Therefore, this research will use PSP
measures over time to represent welfare spending.

2.2 Measles

The reported number of measles is available from the World Health Organization (2016). The number of measles
cases will be standardized by population size with national population counts of the same year (The World Bank
Group, 2017b). The measles immunization series consists of a measles-containing vaccine first-dose and
second-dose. We define the variable MCV1 as the percentage of children, age one year, who have received one
dose of measles vaccine in a given year (World Health Organization, 2017); and MCV2 as the percentage of
children who have received their second dose of measles vaccine according to nationally recommended standards
(The World Bank Group, 2017b).

2.3 Control Variables

We have carefully selected control variables to account for possible influence on the relationship between welfare
spending and measles immunization. We controlled for world region by categorizing countries according to the
United Nations (2017) geographical regions, which may account for any region-specific influences on health
policies, social policies, or health outcomes. Defamilialization represents women’s lack of dependency on the
family for social protection (Esping-Andersen, 1999). We used female employment rates as a proxy for
defamilialization because employment gives women greater independence. Female employment rate represents
the proportion of the female population aged 15 and above who participate in the labor force, retrieved from The
World Bank Group (2017a). Democracy has an important role in the determination of how resources are
distributed among a population. Therefore, the Polity IV democracy index from the Center for Systemic Peace
(2017) represents democracy in a given country. The Polity IV is based on scoring countries according to
democratic and authoritarian principles related to elections, the transition of power after elections, constraints on
the chief executive of the state, political participation, and competition between political parties (Marshall, Gurr, &
Jaggers, 2017). This study will also include the Gini index, representing country income inequality. Gini index
values range from zero, representing perfect equality, to 100, representing perfect inequality (The World Bank
Group, 2017b). Finally, GDP per capita will control for the overall level of development in a country, and it is
available from The World Bank Group (2017b).
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3. Methods
3.1 Sample

The sample for this study includes all countries for which data is available for at least one year for PSP expenditure,
MCV1, MCV2. Data includes the years 1995, 2000, 2005, 2010-2015, as these are the years that PSP data was
collected. The final sample for analysis includes 157 countries.

3.2 Statistical Analysis

Once the final dataset was collected, means, standard deviations, relative frequencies, and scatter plots were used
to summarize the data, and Moran’s I test for global spatial autocorrelation was used to test for spatial
autocorrelation in the variables of interest.

Prior to beginning modelling, we found that there were missing values in the dataset. Therefore, these missing
values were replaced with Markov Chain Monte Carlo simulations using predictive mean modeling in SPSS (IBM
Corporation, 2016). Nine simulations were created. Initial analysis was completed separately with all nine
imputations to determine if the imputed data was having an influence on the results. The analyses from each of the
nine datasets were found to have results that lied within each other’s confidence intervals. Therefore, only one
imputed dataset was used to report results and run the final Bayesian models (discussed below).

3.2.1 Model Building

Generalized linear mixed model (GLMM) regression was applied to the data. GLMMs can account for variables

that have non-normal distributions and variables that are correlated (IBM Corporation, 2012). GLMM:s allowed us

to account for the correlation between countries that lie within the same world region and had repeated measures of
data by year. Initially, univariate negative binomial models were computed in SAS studio (SAS Institute Inc., 2020)
between the dependent variable and each independent or control variable. In these models, the dependent variable

was measles counts in a country within a given year. The model offset was the population size of the country within

the same year.

Most of the independent variables needed to be transformed to converge into a univariate model. GDP, GINI,
MCV1, MCV2, and PSP variables were transformed with the natural log and standardized. The natural log
transformation and standardization preserve the relationships among the variables because the order of the data
from smallest to largest values does not change. However, the degree of difference between data points may have
changed. Hence, these transformations and the purpose of the research must be considered when interpreting the
results. The purpose of this research is to explore relationships among variables, and not to make predictions.
Therefore, the interpretation of these results focuses on the direction of the relationship, rather than the exact
coefficient result. The Polity coefficient was not transformed because statistical programs were able to output
models based on the Polity coefficient in its natural form. All of the model coefficients were converted to
standardized beta coefficients so that the independent variables’ associations with the dependent variable were
comparable.

In the univariate models, coefficient estimates that had a p-value of 0.20 or less were included in the multivariate
fixed-intercept model. For the multivariate model, interactions were tested between the variables of interest
(MCV1, MCV2, and PSP) and reported if they were significant at 0.05. Then, a multivariate model with random
intercepts for countries and world regions was computed. The significance level for interpreting these models was
set with o = 0.05. Models were compared with the Bayesian Information Criterion (BIC), the -2 log likelihood
(-2LL) value, and how additional variables and random intercepts impacted the overall model. Once multivariate
random-intercept models were completed based on frequentist statistics methods, parameters and random effects
were re-examined with Bayesian statistics in OpenBUGS (Spiegelhalter, Thomas, Best, & Lunn, 2014).

3.2.2 Bayesian Analysis

In the multivariate Bayesian model, random effects were included for country (#) and world region (v). In the
spatial model, a random effect for spatial error was also added (sp). All parameters and random effects were
estimated with non-informative priors that were set to a normal distribution with a mean of zero and a variance of
0.001. The spatial random effect was modeled with a Gaussian conditional autoregressive (CAR) distribution. The
Gassian CAR model allowed countries to be defined as neighbors, which is appropriate for spatially distributed
random effects (Spiegelhalter et al., 2014). The spatial precision was structured with a gamma distribution having
a mean of 0.5 and a variance of 0.0005. The non-spatial model had the following for the country i:

In(y;) = In(POP) + a+ B X1+ B X, + -+ BpXm +u+v. )
The spatial model had the following for the department :
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In(y;) = In(POP) + a+ B X1+ B X, + -+ BpXm +u+v+sp. 2)

In these models, the population (POP;) was the offset, o represented the intercept, and the betas (By, B, ... Pm)
represented the coefficient estimates for the independent variables X, X,, ... X,. The exponentiated value of (In
() — In (POP))) represents the measles rate in a country each year.

To run the Bayesian models, a burn-in period (T=175,000 time-steps) was selected based on Brook-Gelman-Rubin
plots (Gelman & Rubin, 1992). The time between independent sample was 17,500 (burn-in period/10). To ensure
that the burn-in period did not have undue influence on the estimates, the length of the simulation was set such that
the burn-in period would be five percent of the total length of run and increased until convergence was confirmed
(T=20,020,000 time-steps). This provided 1144 data-points with independent samples every 17,500 time-steps for
each of three chains. To confirm that chains had converged and were sampling from stationary distributions,
convergence diagnosis and output analysis (CODA) data were analyzed with R Studio software package (RStudio
Team, 2016). The Gelman and Rubin (1992), Geweke (1992), Raftery and Lewis (1992), and Heidelberger and
Welch (1981) tests were the diagnostics performed.

3.2.3 Spatial Models

We used spatial testing to determine if neighbouring countries’ welfare spending might impact measles outcomes
in a given country, i.e. if spatial correlation exists amongst the residuals in the non-spatial model. These spatial
tests justified the development of a GLMM that included a spatial random effect (as discussed above). The spatial
analysis was used to determine if the influence of welfare spending on measles immunizations and disease rates is
more alike in countries that are geographically close to one another than those that are far apart.

To conduct spatial analysis, the relation between countries must be defined with a neighborhood matrix. Various
neighborhood matrices were considered, including defining neighbors based on shared borders or distance from a
country’s centroid. However, we used a neighborhood matrix based on contiguity, but it was altered to include
countries separated by 200km or less by water as neighbors. This neighborhood matrix was used to structure the
spatial error in the Bayesian model with spatial random effects. Model selection between the Bayesian models with
and without spatial effects was based on the BIC value.

4. Results
4.1 Descriptive Results

Initial testing of the data was completed with non-parametric Friedmans’ analysis of variance (ANOVA) and
descriptive statistics (see table 1). Friedman’s ANOVA tests revealed that there were significant differences
between regions based on measles rates (y = 1142.1, df = 1040, p-value = 0.014), MCV1 (x = 209.78, df = 69,
p-value < 0.001) and MCV2 (y = 148.80, df = 80, p-value < 0.001). Interestingly, there was not a significant
difference between regions based on PSP (y = 985.86, df = 966, p-value = 0.321).

Table 1. Descriptive statistics for main variables of interest

N Missing Mean Median Std. Dev.  Variance Min Max
Africa 424 17 4827.2 213.5 188744.1  356232834.4 0.0 212183.0
Americas 294 3 423 0.0 189.5 35892.4 0.0 2631.0
Measles Asia 370 17 4163.7 206.5 12527.6 156940951.7 0.0 124219.0
count Europe 301 32 938.2 20.0 4331.1 18758646.1 0.0 54239.0
Oceania 58 14 315.5 0.0 1093.2 1195051.9 0.0 7135.0
All data 1447 83 2695.6 36.0 12344.6 152389989.9 0.0 212183.0
Africa 420 21 25.1 2.1 73.9 5459.3 0.0 782.7
Americas 294 3 0.2 0.0 1.0 1.0 0.0 11.6
Measles
rate  per Asia 370 17 13.4 1.4 78.2 6116.4 0.0 1203.9
100,000 Europe 301 32 3.9 0.3 19.7 389.1 0.0 297.5
people .
Oceania 58 14 383 0.6 151.0 22811.3 0.0 1008.1
All data 1443 87 11.9 0.4 57.8 3344.0 0.0 1203.9
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Africa 432 9 79.7 85.0 17.3 297.7 19.0  99.0
Americas 294 3 91.5 93.5 9.0 81.5 320  99.0
Asia 380 7 90.8 95.0 11.2 125.5 27.0  99.0
MCV1
Europe 310 23 92.2 94.0 8.2 68.0 50.0  99.0
Oceania 68 4 81.8 85.0 14.5 209.5 39.0  99.0
All data 1484 46 87.6 93.0 13.7 188.1 19.0  99.0
Africa 103 338 753 84.0 25.1 630.7 3.0 99.0
Americas 172 125 81.4 88.0 16.9 285.6 11.0  99.0
Asia 267 120 86.7 95.0 19.0 361.2 9.0 99.0
MCV2
Europe 233 100 90.5 93.0 11.5 131.8 0.0 99.0
Oceania 38 34 78.2 85.0 20.3 412.5 9.0 99.0
All data 813 717 84.8 92.0 18.5 340.5 0.0 99.0
Africa 204 237 4.6 3.9 3.0 9.2 0.3 16.3
Americas 174 123 8.9 7.1 5.0 25.2 1.1 19.3
Asia 275 112 6.0 4.1 53 28.5 0.1 242
PSP Europe 289 44 20.8 20.7 4.9 23.9 9.3 31.7
Oceania 51 21 9.5 7.6 7.0 49.4 0.9 229
All data 993 537 10.7 8.2 8.2 67.9 0.1 31.7

Spatial autocorrelation statistics focused on the main variables of interest: measles rates, MCV1, and PSP. Table 2
indicates that measles rates had significant global spatial clustering in the years 1995 (I = 0.086, p-value = 0.038),
2014 (I = 0.236, p-value = 0.006), and 2015 (I = 0.219, p-value = 0.002), while MCV1 and PSP had significant
global spatial clustering in all years. Therefore, these results justify the use of models with spatial error.

Table 2. Spatial cluster results for each year of data analyzed.

Measles rate MCV1 PSP
Moran’s | p-value Moran’s | p-value Moran’s | p-value
1995 0.086 0.038 0.330 0.002 0.732 0.002
2000 0.026 0.062 0.535 0.002 0.752 0.002
2005 0.034 0.120 0.378 0.002 0.755 0.002
2010 -0.010 0.438 0.127 0.014 0.730 0.002
2011 0.062 0.076 0.185 0.004 0.702 0.002
2012 0.012 0.090 0.227 0.002 0.655 0.002
2013 0.044 0.162 0.273 0.002 0.606 0.002
2014 0.236 0.006 0.303 0.002 0.599 0.002
2015 0.219 0.002 0.274 0.002 0.652 0.002

4.2 Fixed-intercept Models

Negative binomial fixed-intercept models were initially computed. Univariate models for each independent
variable and control variable indicated that the MCV1 (B = -0.42, p-value < 0.001), MCV2 (B =-0.19, p-value =
0.005), PSP (B =-0.44, p-value < 0.001), GINI (B =0.27, p-value = 0.001), GDP (B =-0.35, p-value < 0.001), and
POLITY (B = -0.04, p-value = 0.007) variables should be included in the fixed-intercept multivariate model (see
Table 3). The interaction between PSP and MCV1 was added to the model to explore PSP’s influence on the
relationship between measles cases and measles immunization rates.
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Table 3. Coefficient estimates from bivariate negative binomial models of independent variables and control
variables. Coefficients with a p-value of < 0.20 were included in the overall model

g;?ff;::m ]S;::Efard DF t-value p-value Confidence Limits
FLF 0.05 0.07 1413 0.69 0.493 -0.09 0.18
GDP -0.35 0.06 1413 -6.01 <0.001 -0.47 -0.24
GINI 0.27 0.08 1413 3.29 0.001 0.11 0.43
MCV1 -0.42 0.06 1413 -6.52 <0.001 -0.55 -0.30
MCV2 -0.19 0.07 1413 -2.81 0.005 -0.33 -0.06
POLITY -0.04 0.01 1413 2,72 0.007 -0.06 -0.01
PSP -0.44 0.06 1413 -7.08 <0.001 -0.56 -0.32

4.3 GLMM

Random intercepts were added to the multivariate model. Models were computed with random intercepts for
countries only, world region only, and with countries being nested within world regions. This process was repeated
for each of the nine imputed data sets (discussed above), and results from the final model were compared. None of
the coefficient estimates for each of the nine models differed in direction and confidence intervals overlapped
between all nine models. Therefore, only results from the first imputation are displayed (see Table 4).

Table 4. Multivariate models

Intercept MCV1 MCV2 GDP GINI PSP  POLITY MCVI1*PSP Country Region Error BIC -2LL

Model 1 -9.09T  -048F 022t -0.18 -0.14 -0.48% 0.03 5.927 17852 17794
Model2 -9.07t  -0.61T 022F -0.24T 0247 -0.53t 0.03t 028t 5.83t 17831 17765
Model 3 -10.137  -0.92F 022t -0.59T -0.15 -0.68t -0.04  -0.24t 3.76t 375t 17387 17337
Model 4 -9.72F  -0.59% 021t -008 004 -045t 005t 023t 283 5.8t 17595 17578
Model 5 -10.13t  -0.92T 023t -0.59T -0.15 -0.67F -0.04  -0.24% 190  1.86  3.757 17392 17336

Table includes a fixed model (model 1), a fixed model with an interaction term (model 2), a model with random
intercepts for country (model 3), a model with random intercepts for region (model 4), and a model with random
intercepts for country nested within region (model 5). - significant at 0.05.

The country-only random intercept model showed that the random intercept was significant (u = 3.76, p-value <
0.001), but the region-only random intercept model showed that the random intercept was not significant (v = 2.83,
p-value = 0.194). The model with random intercepts for country and region showed that both random intercepts
had an overall positive influence on the fixed intercept, but both were not significant (u = 1.90, p-value = 0.233; v
= 1.86, p-value = 0.242). The model with random intercepts for country and region was chosen as the preferred
model because it showed a reduction in the unexplained error due and had the lowest BIC value. Furthermore, the
addition of region as a random intercept changed the relationship that country had as a random intercept with
measles cases. Therefore, we chose model 5 (see table 4) to check with Bayesian methods in OpenBUGS and test
for a spatial relationship.

4.4 Bayesian Models

The final frequentist model was reassessed with Bayesian methods in OpenBUGS. Convergence analysis of the
Bayesian model satisfied criteria suggesting that the three Markov chains had reached their stationary distributions
and the samples from these chains were sufficient. The Gelman and Rubin (1992) diagnostic test showed that the
potential scale reductions estimated for the models were below 1.05, indicating that the simulations emerged from
a stationary distribution. The Raftery and Lewis (1992) diagnostic showed that the run-length was sufficient, as the
dependence factor values were lower than 5. The p-values in Geweke (1992) and Heidelberger and Welch (1981)
tests were greater than 0.05 for 95% of the coefficient estimates and random intercepts that significantly differed
from zero.



gjhs.ccsenet.org Global Journal of Health Science Vol. 13, No. 10; 2021

4.4.1 Final Spatial and Non-spatial Bayesian Models

Once the non-spatial Bayesian model was developed, residuals were obtained and tested for spatial clustering.
Global spatial clustering was significant in the years 1995 (I = 0.099, p-value = 0.038), 2010 (I1=0.161, p-value =
0.004),2013 (I=0.017, p-value = 0.002), 2014 (I=0.184, p-value = 0.004), and 2015 (I = 0.245, p-value = 0.002).
Since more than half of the years studied showed significant spatial clustering, a spatial model was developed with
aneighborhood matrix (described above) through a Gaussian CAR model (see Table 5). The spatial random effects
were not included in the final model because the Bayesian Information Criterion (BIC) was higher in the spatial
model (BIC = 24225.730) than the non-spatial model (BIC = 19743.090). Therefore, the model that does not
account for spatial effects was chosen as the final model for interpretation (also see Table 5).

Table 5. Coefficient estimates and variance partition coefficients for model without spatial effects and with CAR
normal spatial effects

Standardized  Coefficient

Model Variables sd MC error  val2.5pc  median  val97.5pc
coefficients estimates
Intercept -10.220 1.613  0.054 -13.320 -10.250 -6.752
GDP -297.796 -1.319 0.186  0.003 -1.694 -1.314 -0.966
GINI 16.174 0.159 0.084  0.001 -0.003 0.158 0.321
MCV1 -70.284 -0.835 0.069  0.001 -0.975 -0.834 -0.699
MCVI1*PSP -12.181 -0.239 0.042  0.001 -0.319 -0.240 -0.156
MCV2 14.001 0.202 0.057  0.001 0.090 0.202 0.313
POLITY -1.173 -0.065 0.015  0.000 -0.094 -0.064 -0.036
PSP -111.291 -0.936 0.098  0.002 -1.132 -0.935 -0.744
Non-spatial
VPC error* 0.027
VPC country* 0.396
VPC region* 0.577
VPC error** 0.995
VPC country** 0.002
VPC region** 0.003
2LL 18510.000
BIC 19743.090
alpha -10.410 1.220 0.152 -13.870  -10.210  -8.488
GDP -1.365 0.187  0.008 -1.748 -1.366 -1.007
GINI 0.143 0.079  0.004 -0.006 0.141 0.295
MCV1 -0.833 0.070  0.003 -0.970 -0.835 -0.698
MCVI1*PSP -0.239 0.041  0.002 -0.318 -0.239 -0.162
MCV2 0.208 0.056  0.002 0.095 0.210 0.313
Spatial
CAR Normal POLITY -0.064 0.015 5.824E-04  -0.092 -0.064 -0.038
PSP -0.949 0.100  0.004 -1.144 -0.951 -0.758
VPC error* 0.221
VPC country* 0.396
VPC region* 0.172
VPC spatial* 0.211
VPC error** 0.997
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VPC country** 0.001
VPC region** 0.001
VPC spatial ** 0.001
-2LL 18510.000
BIC 24225.730

* Calculation based on mean precision values. **Calculation based on median precision values.

Our results show that all variables included in the model were significant, except the Gini coefficient (B
[unstandardized coefficient] = 0.159; 95% Cr. 1. = -0.003, 0.321, B [standardized coefficient] = 16.174). As
expected, MCV1 has a negative impact on log measles count (B =-0.835; 95% Cr. 1. =-0.975, -0.699; p =-70.284).
However, MCV2 has an unexpected positive relationship with log measles count (B = 0.202; 95% Cr. 1. = 0.090,
0.313; B =14.001). Furthermore, our model indicates that PSP has a negative relationship with log measles count
(B=-0.936;95% Cr.1.=-1.132,-0.744; p =-111.291). When the negative influence of both MCV1 and PSP on log
measles count are taken into consideration with their significant, negative interaction (B = -0.239; 95% Cr. L.
-0.319, -0.156; B = -12.181), our results indicate that welfare spending may have a modifying effect on the
relationship between measles vaccination and log measles count. In other words, for every unit increase in PSP, the
coefficient representing the relationship between MCV 1 and log measles count decreases.

In addition, GDP and Polity were significant control variables. GDP had a significant negative influence on log
measles count (B =-1.219; 95% Cr. I. = -1.694, -0.966; B = -297.796) with a relatively large influence on the
model compared to the other variables’ standardized beta coefficients. Interestingly, Polity’s significant and
negative relationship with log measles count (B = -0.065; 95% Cr. I. = -0.094, -0.036; p = -1.173) had
comparatively very little influence on measles rates when considering the standardized beta coefficient. These
results indicate that PSP and MCV 1, along with their interaction have negative relationships with measles counts,
but GDP’s negative relationship with measles rates may be the most influential.

The random effects in the final model are meant to account for the variability that comes from each country and
region. It was important to include them in the final model to account for the nested structure of the data and the
similarity of data points within the same country or region. These random intercepts allowed the years of data to be
more representative of the underlying population. However, the random intercepts’ significance in the final model
is difficult to interpret. The mean value for the error’s precision lied outside its credible interval, indicating that
there were some extreme outliers in the precision samples. Therefore, Variance Partition Coefficients (VPC) were
calculated based on the mean and median precision for the random error, error explained by country effects, and
error explained by region effects. The VPC values calculated based on the mean precisions indicate that country
and region may explain a large amount of the variation in the model error. However, the VPC values calculated
based on the median indicate that country and region may explain a very small amount of the model error. The
VPC values based on median precision values are in agreement with the frequentist models. Due to the extreme
outliers found in the precision, we interpreted results based on the median precision value because it is more
representative of the center of the distribution of errors.

5. Discussion

This study provides evidence to suggest that national welfare policies may play an important role in enhancing
primary prevention interventions, like immunizations. These findings suggest that greater levels of welfare
spending may have a positive effect on the outcomes of primary prevention interventions, like measles
immunizations. These results are congruent with the Daku et al. (2012) study that found children had higher
vaccination rates in countries with longer duration of maternity leave and higher income replacement while on
maternity leave. Conversely, MCV2 had a positive and significant relationship with measles counts. This
surprising finding may be explained with the variability in the timing of the second dose of measles vaccine
between countries, or that countries with high measles rates respond by increasing the second dose of measles
vaccine. Our finding that GDP had the largest influence on the model in comparison to the other variables is
congruent with expectation that development improves health outcomes (Patterson & Veenstra, 2016). Therefore,
GDP may be an important control variable to include in research that investigates how welfare spending influences
health interventions.

5.1 Strengths and Limitations

This study’s primary strength is that it uses methods that consider geography and time. This study includes all
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countries for which data is available, making the sample as close to the population as possible. The study uses data
over time to decrease the influence of temporal ambiguity and account for history. Furthermore, this study used
previous research to inform the selection of control variables.

A limitation of any study that includes country level analysis is the lack of consideration toward within-country
variation. Furthermore, research at the country level may fail to account for supra-national influences, like
globalization, neoliberalism, and multinational corporations. Further challenges to country-level studies include
differences in the quality and methods of data collection between countries, which may threaten validity. However,
the World Health Organization attempts to verify the accuracy of their data with the reporting process described
above. Furthermore, the use of quantitative methods to analyze abstract ideas and policy nuances is another
challenge to this study. Finally, because this is an ecological, correlational study, and no causality can be
determined from its results. However, despite these limitations, the strengths of the study make it a valuable
addition to the nursing and health literature.

6. Conclusion

This research has uncovered some valuable insights that have the potential to inform public policy decisions about
primary prevention and welfare spending. Our findings suggesting that national welfare spending may have an
influence on the relationship between measles immunizations and measles infection. While these results require
further research, they suggest that welfare spending may have a beneficial impact on prevention interventions, like
immunizations. Therefore, welfare spending policies have the potential to significantly impact people’s health.
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