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Abstract- In this study, we use a beta regression approach to model the worldwide longitudinal prevalence of anaemia in pregnant and
non-pregnant women. The estimates of anaemia prevalence from 1990 to 2016 are extracted for each country from the WHO Data
Repository. Since the data for the subjects (i.e., countries) are clustered within sampling units, and the measurements within the same
country are correlated, a beta-distributed Generalized Estimating Equation (GEE) model allowing for a population-averaged
interpretation of the regression coefficients is fitted. The analysis is implemented in the SAS GLIMMIX procedure. Regardless, parameter
coefficients in the GEE are estimated invariably; even if the covariance structure is miss-specified, a careful selection of the working
correlation structure is performed to improve the efficiency of the estimates. Pregnancy and WHO regions had significant effects on the
prevalence of anaemia. The significant interaction between pregnancy and time suggested that the decline in prevalence over time was
larger in non-pregnant women than in pregnant women.
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1. Introduction

Anaemia is a condition in which the haemoglobin (Hb) concentration in the blood falls below established cut-off values,
thereby compromising the capacity of the blood to deliver oxygen to tissues. It affects approximately one-third of the world’s
population and accounts for about 9% of the total global disability burden from all conditions [1]. As a result, anaemia has
significant consequences for human health, as well as for the socio-economic development of countries. The 2016 estimates
indicate that anaemia affects 33% of women of reproductive age globally. In Africa and Asia, the prevalence is the highest
at over 35% [1]. Iron deficiency, haemoglobinopathies and malaria are considered the three top causes of anaemia globally,
with iron deficiency comprising about 50% of the total number of cases [1]. Women of reproductive age (15-49 years)
and pregnant women are among the most vulnerable population groups to develop anaemia due to iron deficiency. Regular
blood loss due to menstruation, pregnancy, childbirth bleeding, and diets that are low in bioavailable iron, may cause
significant iron deficiency [2]. Pregnant adolescents are at particular risk of developing anaemia [3], not only due to their
dual iron requirements but also because they are less likely to access antenatal care. Anaemia in the first or second trimester
significantly increases the risk of low birth weight and preterm birth [4]. Postpartum anaemia is associated with decreased
quality of life [5] and it subjects women to a greater risk of postpartum depression [6]. Severe anaemia, which is associated
with substantially worse mortality, cognitive and functional outcomes, affects 0.8-1.5% of these population groups [7].

Research on anaemia prevalence is done constantly to inform stakeholders and policy decision-makers on the necessary
type of measures needed to prevent and control anaemia. The causes of anaemia may vary by country and they need to be
accurately identified, to implement tailored prevention and treatment strategies according to population characteristics.
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The beta regression models are shown to be a good choice when modelling prevalence data which are within the interval
[0-1]. The beta distribution is a continuous probability distribution defined on the interval [0, 1] with density function [8]
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where I' (.) denotes the gamma function, the parameter p denotes the expected value of Y, i.e. E(Y) = p, the parameter
¢ is a precision parameter.

Through this study, we aim to assess the potential of a beta regression model to estimate the worldwide trends of anaemia
prevalence from 1990 to 2016 in women of reproductive age, by pregnancy status and by regions of the World Health
Organization (WHO). Since we deal with longitudinal data and we are interested in the population-averaged interpretation
of the regression coefficients, we extended the beta regression approach to a beta-distributed GEE model. In section 2.2 we
give more details on the Beta GEE model from the theoretical point of view and application.

2. Methods
2.1. Data Description and Exploration

The estimates of the prevalence of anaemia are extracted from the WHO Data Repository; a huge dataset that provides
health-related statistics for WHO’s member-states [9]. This repository collects data from as many sources as possible,
including scientific literature and collaborators. Briefly, collaborators were WHO regional and country offices, UN
organizations, not for profits, ministries of health, research and academic institutions [10]. A systematic search of MEDLINE
and WHO regional database, as well as hand-searching of grey literature, provided related articles. Inclusion criteria
were Hb measured in capillary, venous, or cord blood using quantitative photometric methods or automated cell counters.
Data sources were representative of any administrative level within each country. A detailed description of the study design,
sampling method and data collection can be found elsewhere [10]. In this study, we use data for the estimated prevalence in
pregnant and non-pregnant women, from 1990 to 2016, 27-time points. The data comes from 186 countries in the six WHO
regions. In total, we have 10044 observations, 5022 for pregnant and 5022 for non-pregnant women, and 372 observations
per year.

Figure 1 shows the observed mean profiles of the prevalence of anaemia by preghancy and WHO region where we can
see the differences between pregnant and non-pregnant women and different WHO regions. The prevalence of anaemia is
higher over time for pregnant women compared to non-pregnant women (Figure 1). The European region and the Americas
show lower prevalence over time compared to the other WHO regions.

2.2. Beta GEE modelling

Beta regression approach was used to model the worldwide longitudinal prevalence of anaemia. Here, we define g(ij)
= log(wij /1-pij )= XTij B, where: pj is the expected value for the dependent variable Y (i.e., the expected value for the
prevalence of anaemia); XTjj is a vector of covariates (i.e., time, pregnancy, region, time*pregnancy), B denotes the vector of
regression coefficients; i=1, 2, ..., n denotes the country; j=1, 2, ..., kidenotes the measurement within a country [11, 12].
Since the data within the same country are correlated, a beta-distributed Generalized Estimating Equation (GEE) model is
considered to be appropriate to capture the within-cluster correlation and to allow for a population-averaged interpretation
of the regression coefficients [13, 14]. The variance function is defined as Var (Yij|Xij)=owij(1—Mij) where parameter ¢ fulfils

the definition of a precision parameter. A larger scaling factor indicates substantial heterogeneity which might not be
captured if a scaling factor is not used [15, 16]. The most common working correlation matrix used for longitudinal data are
compound symmetry, unstructured correlation, and the autoregressive structure [12].
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Fig. 1. Global mean profiles of anaemia prevalence by pregnancy and WHO region

The variance function and correlation matrix are then added into a ‘working’ covariance matrix V; [12], and the
parameter estimates in the marginal model are estimated by solving the generalized estimating equations introduced by Liang
and Zeger [17] given in equation 1.

NIV (i —u) =0 @)

where Yi= (Yis, ..., Yin)", wi= (Wit ..., pini) ", Di= Di(B) = oui(B) / oB" , and Vi is the working covariance matrix.

For this type of model, there are no closed-form solutions in general, so iterative algorithms are used. The correlation
structure is chosen by using the analysis of model-based and empirical standard errors [12]. Nevertheless, valid standard
errors for  could be obtained by the sandwich estimator approach [16].

The analysis is implemented in the SAS GLIMMIX procedure [18]. Although parameter coefficients in the GEE are
estimated invariably even if the covariance structure is miss-specified, we still carried out a careful selection of the working
correlation to improve the efficiency of the estimates. We considered several working correlation structures such as
compound-symmetry, unstructured correlation structure, a Toeplitz covariance structure, and the first-order
autoregressive (AR (1)) structure [18]. Based on the Hannan-Quinn information criterion (HQIC) we considered
the AR (1) structure which has homogeneous variances and correlations that decline exponentially with distance, the best
to be used in our final model. This correlation structure implies that the variability is constant over time and that the
correlation between measurements decreases when the time lag between them increases.

3. Results

Type 11 tests of fixed effects indicate that all covariates (pregnancy, region, time, time*pregnancy) effects are highly
significant (p<0.0001 in all cases). We observe a decline in time for the global prevalence of anaemia from 1990 to 2010,
followed by a slight increase from 2011 to 2016. The significant interaction between pregnancy and time suggests that the
decline in prevalence over time was more substantial in non-pregnant women compared to pregnant women, as shown by
the observed and predicted mean profile plots of the prevalence of anaemia by pregnancy given in Figure 2.
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Here we can interpret the parameter estimates like in the case of logistic regression where exponentiated coefficients
can be interpreted in terms of odds ratios. The parameter coefficient for non-pregnant women means that for a non-pregnant
woman, the ratio between the expected anaemia prevalence p and the difference 1-p is about 33% lower than for a pregnant
woman with the same set of covariates, exp (-0.2535) = 0.77 (see Table 2).
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Fig. 2: Observed and predicted mean profile plots of the prevalence of anaemia by pregnancy.

The African region shows the highest prevalence of anaemia over time compared to other regions, with the
highest difference observed with the European region. For the African region, the odds to have a higher prevalence
are 2.7 times higher compared to Europe and 1.95 times higher compared to the Americas. Results show no
significant difference between Africa and South-East Asia (p=0.404), with the same ratio between the expected
anaemia prevalence p and the difference 1-p. The lowest prevalence of anaemia is observed in Europe (Table 2),
where the odds to have a high anaemia prevalence are lower compared to all the other regions (OR<1 in all
comparisons).

The observed and predicted mean profile plots of the prevalence of anaemia for pregnant women by WHO
region show a slight overestimation for South-East Asian and the Eastern Mediterranean regions. In Eastern
Mediterranean region we observe a slight underestimation for non-pregnant women (Figure 3).

4. Discussion

In this study, we examined the potential of beta GEE in analysing the longitudinal prevalence of anaemia in
pregnant and non-pregnant women. Our results show that beta regression is a promising method for modelling the
longitudinal prevalence of anaemia, confirming the findings of previous studies which have shown this method to
be effective for continuous bounded responses with dependent observations [19].

Longitudinal designs typically produce correlated observations, which do not meet the assumptions of
ordinary regression methods. Therefore, to model longitudinal data we should apply regression methods that count
for this correlation.
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Table 2: Comparison parameter estimates by pregnancy status and WHO regions

Comparison
Estimate  Standard Pr>|t Odds
error Ratio
Non-pregnant Vs. Pregnant -0.2535 0.01695 <.0001 0.7761
African Vs. European 1.0051 0.08089 <.0001 2.7321
African Vs. Americas 0.6699 0.08448 <.0001 1.9540
African Vs. South-East Asian 0.1311 0.1572 0.4041 1.1401
African Vs. Eastern Mediterranean 0.4027 0.08576 <.0001 1.4958
African Vs. Western Pacific 0.6079 0.1234 <.0001 1.8366
European Vs. Americas -0.3352 0.08354 <.0001 0.7152
European Vs. South-East Asian -0.8739 0.1567 <.0001 0.4173
European Vs. Eastern Mediterranean -0.6024 0.08491 <.0001 0.5475
European Vs. Western Pacific -0.3972 0.1227 0.0012 0.6722
Americas Vs. South-East Asian -0.5387 0.1586 0.0007 0.5835
Americas Vs. Eastern Mediterranean -0.2672 0.08837 0.0025 0.7655
Americas Vs. Western Pacific -0.06193 0.1251 0.6205 0.9399
South-East Asian Vs. Eastern -0.5387 0.1586 0.0007 0.5835

Mediterranean

South-East Asian Vs. Western -0.2672 0.08837 0.0025 0.7655
Pacific

Eastern Mediterranean Vs. Western 0.2715 0.1593 0.0883 1.3120
Pacific

The correlation among repeated observations can be modelled by including random effects as in the linear
mixed models, or through a covariance structure as in the marginal models [12]. We emphasize the need to use
marginal models, namely beta GEE when dealing with longitudinal data with the aim of comparing populations.
For beta regression, the interpretation of the regression coefficients depends on whether a generalized linear mixed
model or a marginal model, i.e., beta GEE, is fitted.

It is important to be aware that in contrast to the generalized linear mixed model, in the marginal model the
mean response is conditional only on covariates and not on random effects [20]. It should also be mentioned that
the beta regression does not contain the boundary points 0 and 1, so in case we have these values in our data,
transformation methods need to be applied. However, in our case, there was no need for transformation as the data
did not contain 0 and 1 observations and the values fell sufficiently far away from the boundaries.

In the healthcare context, we observed a decline in time for the global prevalence of anaemia from 1990 to
2010, followed by a slight increase from 2011 to 2016. In 1990, the prevalence of anaemia was higher in Africa
and South Asia, but with time it decreased in these and other regions, leading to a modest global reduction in
anaemia prevalence. Global anaemia estimates reported by WHO with data from 1993 to 2005 have remained
consistent with our estimates of the African region, showing the highest prevalence of anaemia over time compared
to other regions. Europe has instead surpassed the Americas in reporting the lowest prevalence [10].
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Fig. 3: Observed and predicted mean profile plots of the prevalence of anaemia by pregnancy and WHO region.

The significant interaction between pregnancy and time suggests that the decline in prevalence over time was
larger in non-pregnant women compared to pregnant women. Several studies have reported an increased
prevalence of anaemia in pregnant women, with the leading factor the iron deficiency [10, 21, 22, 23, 24].
Prevention and control of anaemia require an integrated approach that addresses the primary causes of anaemia in
a population. Iron deficiency anaemia should be ideally treated through diet and access to foods that contain a high
level of bioavailable iron. To address this critical global health issue in women and children, current strategies
should also focus on other contributing factors, i.e., malaria, education, household wealth status [10, 25, 27, 27,
28, 29, 30, 31].
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4. Conclusions

In conclusion, beta GEE models can be a natural candidate to model the prevalence of anaemia over time when
a population-averaged approach is preferred. These models can deal with the bounded range and the skewed
distribution of the response. The global prevalence of anaemia has decreased over time in both pregnant and non-
pregnant women but is still high in the poorest regions of the world, being an obstacle to controlling maternal
mortality. The slight increase from 2011 to 2016 indicates that further improvements are needed, likely through a
combination of programs that address multiple factors contributing to worldwide high levels of anaemia
prevalence.
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