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Abstract
Background
Child undernutrition is a severe health problem in the developing world, which affects children’s development in the long term. This study analyses the extent and patterns of under-five child undernutrition using Demographic and Health Surveys (DHS) for 73 low- and middle-income countries (LMICs).

Methods
First, we mapped the prevalence of undernutrition in the developing world. Second, using the LISA (a local indicator of spatial association) technique, we analyzed the geographical patterns in undernutrition to highlight the localized hotspots (regions with high undernutrition prevalence surrounded by similar other regions), cold spots (regions with low undernutrition prevalence surrounded by similar other regions), and outliers (regions with high undernutrition surrounded by low undernutrition and vice versa). Third, we used Moran’s I to find global patterns in child undernutrition.

Results
We find that South Asia has the highest under-five child undernutrition rates. The intra-country nutritional inequalities are highest in Burundi (stunting), Kenya (wasting), and Madagascar (underweight). The local indicator of spatial association (LISA) analysis suggests that South Asia, Middle East and North Africa (MENA) region, and Sub-Saharan Africa are undernutrition hotspots and Europe and Central Asia and Latin America, and the Caribbean are undernutrition cold spots (regions with low undernutrition surrounded by similar other regions). Getis Ord-Gi* estimates generally support LISA analysis. Moran’s I and Geary’s C gave similar results about the global patterns of undernutrition. Geographically weighted regressions suggest that several socioeconomic indicators significantly explain child undernutrition.

Conclusions
We found a significant within and across country variation in stunting, wasting and underweight rates among the under-five children’s population. The geospatial analysis also suggested that stunting, wasting, and underweight patterns exhibit clear regional patterns, underscoring the need for coordinated interventions at the regional level.
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Introduction
Child undernutrition is a severe health problem in the developing world, affecting children’s development in the long term. In 2020, almost 149 million under-five children were stunted, 59 million were wasted, and 85 million were moderately or severely underweight [1]. In 2016 alone, childhood undernutrition, i.e., stunting, wasting, and underweight, caused one million deaths globally [2]. Child undernutrition shows significant variations across and within national boundaries. In 2017, the share of undernourished under-five children was 20.4% in Africa, 11.4% in some regions of Asia, and 6.1% in Latin America [3].
A wide range of studies has analyzed the factors contributing to child undernutrition. For instance, a study in the Middle East and North Africa found that characteristics like a child’s age, gender, birth order, and twinning were significant determinants of child undernutrition [4]. Another study revealed that undernutrition results from disorders in nutrient assimilation and defects in the immune system, which are generally associated with the nutritional status of parents [5]. Some other predictors of child undernutrition include household wealth, the educational and nutritional profile of the mother, food security, geography, and sewerage conditions [6]. Nutritional supplements consumed by the mother, such as folic acid, vitamins, and minerals, may also explain nutritional differences among children [7]. In some countries like India, gender biases are deep-rooted and lead to disproportionately worse nutritional outcomes for women and children [8]. In addition, children from poor households bear a disproportionately larger burden of malnourishment than rich households [9].
Undernutrition has lasting adverse consequences. Early childhood stunting is associated with poor cognitive, motor, linguistic, and socio-emotional skills [10], low IQ and undesirable educational outcomes [11], reduced enthusiasm and increased apathy [12], pregnancy-related complications, and birth to smaller babies among women in their later life [13]. Childhood wasting increases the risk of lower respiratory infection-related under-5 mortality and is associated with a rise in blood pressure and poor educational outcomes [14]. Childhood underweight is associated with a compromised immune system, increasing the risk of infections, higher risk of fractures and osteoporosis, and fertility-related issues such as failed conception and pregnancy-related problems, and hormonal imbalance and menstruation problems [15].
Reducing health-related inequalities is an essential component of the sustainable development goals (SDGs). While the incidence of various types of child undernutrition has been well-established in the existing literature, few studies have estimated the geographic distribution of child malnourishment in developing economies. One consequence of incomplete information regarding the geographic distribution of undernutrition is that policy interventions may not generally be targeted and may be concentrated in the areas which require the least intervention.
This study aims to understand the geographic patterns of child undernutrition using various geospatial techniques within and across 73 low- and middle-income countries (LMICs) using DHS surveys to provide policy insights for targeted interventions to reduce child malnourishment. The significant contribution of this study is that it employs a large sample of low- and middle-income countries with sub-regional level information for three indicators of under-5 child undernutrition, including stunting, wasting, and underweight.
Theoretical reflections on health inequalities
Different theories have been applied in the context of health inequalities. In a detailed account[16], present four arguments to establish that health inequalities are fundamentally undesirable, and their reduction must be prioritized in public policy. First, inequalities are unfair since poor health is the consequence of an unjust distribution of the underlying social determinants of health. Second, inequalities affect everyone since some forms of health inequalities have externalities on the rest of society. Third, inequalities are avoidable. Health disparities are preventable to the extent that they emanate from identifiable policy options exercised by governments. Therefore, a government that cares about improving the population’s health should incorporate the reduction of health inequalities as part of its policy agenda. Fourth, interventions to reduce health inequalities are cost-effective. Public health programs that reduce health inequalities can be cost-effective. A case can be made to prioritize such programs as providing cervical cancer screening to poor women on efficiency grounds[16]. conclude that fairness is likely the most compelling argument favoring action to reduce health disparities. There is persuasive evidence for some outcomes that reducing inequalities will diminish adverse spill-over effects on the health of society at large.
What causes undernutrition among children has received significant scholarly attention in the past several decades. UNICEF came up with a comprehensive conceptual framework in 1998 to explain the reasons behind child malnutrition [17]. UNICEF conceptual framework partitioned causes behind child malnutrition into three categories, namely, basic, underlying, and immediate (Fig. 1). UNICEF conceptual framework explained that basic causes were specific to the societal level. Socioeconomic and religio-cultural, and political processes at a societal level limit the utilization of human, technological, and environmental resources. Inadequate knowledge and discriminatory attitudes at the household level limit access to food, effective childcare practices, and water/sanitation and health services, and make up the underlying causes of child malnutrition. The underlying causes, in turn, lead to immediate causes of child malnutrition and may take the form of inadequate dietary intake and diseases, ultimately resulting in child malnutrition.[image: ]
Fig. 1Theoretical framework. Source: UNICEF (1998) [18]


More recent studies illustrate that rising social inequality and poverty, greater job insecurity, rising unemployment, and privatization of public goods and services make the inequalities in health more severe [19, 20]. Individual-level inequalities in health in developed economies like the UK and USA have also been explained by factors including income, education, gender, race/ethnicity, and immigration status [21, 22]. A close examination of the relationship between aggregate indicators of income inequality and aggregate health outcomes across the industrialized nations suggests that income inequality is considerably associated with the population-health indicators such as life expectancy and infant mortality [21, 23].
Almost all modern societies establish systems for allocating resources and institutional mechanisms for transforming social and individual resources into health. Still, vast health inequalities exist across societies. According to the fundamental-cause theory proposed by [24], socioeconomic status serves as the ‘fundamental cause of the disease’ because it indicates the degree of access to the resources essential to avoid disease and their effects and defines the susceptibility to risk factors of the disease and their outcomes. Consequently, the mortality-reducing technologies and knowledge steepen the health gradient because the better-off can benefit from their resources while leaving the poor people worse-off [25].
Traditionally, most Western models of health viewed sickness and disease as a product of individual factors such as personal behaviors and genetic predisposition. Consequently, healthcare interventions focused primarily on fixing the individual rather than on external factors.
The World Health Organization’s (WHO) Social Determinants of Health (SDH) framework adopts a much broader ecological perspective to incorporate interventions at multiple levels to achieve health objectives on an equitable basis. According to the WHO, health and well-being disparities are attributable to the circumstances in which “people are born, grow, live, work, and age” [26]. The SDH framework includes policies, education, and living conditions [27]. Within each society, those who are powerful and own resources determine which exact circumstances are valued and which are not. Typically, the decisions made by power wielders protect the values and well-being of themselves and their constituents. Meanwhile, the values of the marginalized populations tend to suffer across several domains, adversely impacting their health. Thus, personal health is influenced not only by genetics and lifestyle but also by systemic social inequities [28].
Some do not perceive health inequalities as the direct result of the income inequality approach to health inequalities. They try to understand health inequalities within the framework of the class-based model by concentrating on both the causes and the consequences of income inequalities. In such a model, the relationship between income inequality and health appears as a special case within a broader causal chain. It is argued that the global and national socio-political and economic trends have increased the power of business classes at the cost of the working classes. The neo-liberal policies accompanying these trends led to increased income inequality which, in turn, increased inequalities in access to many other health-relevant resources. But international pressures toward neo-liberal doctrines and policies are differentially resisted by several nations because of the historically entrenched variations in class and institutional structures [29].
Health inequalities have also been explained by the difference in the relative and absolute income differentials, where the link between per capita income and health status shows a clear gradient [30] argued that Gross National Product (GNP) per capita is the most important correlate of the average levels of the health status amongst developing nations. GNP per capita above $5,000–$10,000 reflects mainly the range at which chronic diseases begin to displace acute illness as the chief cause of death[30]. contends that the degree of income inequality, rather than national wealth, is the most important basis of national differences in health status. Even below the $5,000–$10,000 mark, there is a wide variation in health for any health, particularly GNP per capita level. Hence, the discussion of the developing countries’ health cannot be dismissed as the simple product of GNP per capita [31].
Social hierarchies are also believed to produce disease because of the poor self-esteem associated with lower status, negatively influencing health through psycho-neuro-biological pathways [30]. A study in England established that high-level British civil servants showed poorer health than those even greater in the hierarchy, suggesting that relative rather than absolute income differences motivate the relationships between income and health [29].
Spatial analysis of malnutrition
Spatial analysis is being increasingly used to analyze child malnutrition in recent years. A study in Ethiopia used a geo-additive mixed model via Nested Laplace Approximation to analyze child malnutrition [32]. Another study in Ethiopia studied the double and triple burden of malnutrition using spatial and survey regression analysis, where spatial analysis consisted of Moran’s I statistic and inverse distance weighted interpolation [33]. A spatial analysis using Moran’s I and LISA statistics was done to identify local occurrences of the factors contributing to child undernutrition in India [34]. A study used spatial lag regression to identify climatic determinants of malnutrition in Bangladesh [35]. A study in Peru conducted a district-level spatial analysis using Moran’s global and local indices to analyze childhood malnutrition [36].
Materials and methods
Data
This study aims to highlight geographic disparities in the indicators of under-five child undernutrition in the developing world. The data is obtained from the Demographic and Health Surveys (DHS). Our study used data from a sample of 73 countries and 699 sub-regions. Currently, DHS provides information for only 73 countries. DHS is a large and standardized household survey [37]. The targeted sample of each country is based on nationally representative sampling plans. The surveys collect data on indicators of access to maternal and child health interventions, illness, treatment, and nutritional status. These surveys provide important information on the nutritional status of young children across countries for a wide range of indicators. Besides, these surveys also gather a comprehensive set of standardized socioeconomic indicators and other similar information. The units of investigation utilized for our analysis are DHS regions and sub-regions. We used the standard definitions of three measures of under-five child undernutrition as presented in Table 1. A child is considered stunted, wasted, or underweight if her z-score is 2 standard deviations below the mean z-score on the WHO Child Growth Standards [38]. DHS measures stunting (wasting and underweight) in two different ways, that is, z-score < -2 (moderately stunted) and z-score < -3 (severely stunted), and our definition includes both moderately stunted and severely stunted (wasted and underweight).Table 1Measurement of the under-5 child malnutrition


	Indicators
	Definitions

	Stunting
	Children whose height-for-age z- score is is below minus 2 (-2.0) standard deviations (SD) below the mean on the WHO Child Growth Standards

	Wasting
	Children whose weight-for-height z-score is is below minus 2 (-2.0) standard deviations (SD) below the mean on the WHO Child Growth Standards

	Underweight
	Children whose weight-for-age z-score is is below minus 2 (-2.0) standard deviations (SD) below the mean on the WHO Child Growth Standards


Demographic and Health Surveys



Empirical analysis
We use the DHS data to analyze the indicators of stunting, wasting, and being underweight among under-five children in 73 developing economies and 699 sub-regions. DHS data are collected repeatedly over time. Thus, we selected the most recent DHS wave when multiple DHS data waves were available.
There is substantial evidence to suggest that wide within-country disparities in the status of child undernutrition exist [37]. We give a country-level spectrum of child undernutrition, with the lowest and highest levels of undernutrition in a country and the national rate of stunting, wasting, and underweight. As an illustration, in Pakistan’s case, we chose the province (the DHS sub-region) with the lowest stunting rates and the province with the highest stunting rates, and the average national stunting rate. The national stunting rate, by construction, is between the highest and lowest stunting rates.
Geospatial analysis
We used the DHS survey data to compute under-five child undernutrition in three variables: stunting, wasting, and underweight. To map data to geographical regions, we used the Spatial Data Repository data [39] and matched indicator estimates to the geospatial data using ArcGIS Pro 2.8.3.
We used the exploratory spatial data analysis (ESDA) technique to analyze child undernutrition in the selected countries. ESDA visualizes and measures the spatial autocorrelation between and among regions. We initially assessed the spatial trends of child undernutrition measures, both inside and across the national boundaries.
Then we identified the areas with statistically significant clustering of hotspots (high levels of undernutrition) and cold spots (low levels of undernutrition). The latter analysis gave the intra-and within-country information about the high and low-performing areas concerning geographic proximity [40].
Spatial autocorrelation of child undernutrition indicators
We first constructed thematic maps of childhood undernutrition in ArcGIS [41] to assess child undernutrition prevalence, both inside and across national boundaries. The contiguous areas are more likely to be similar than those away from each other. Therefore, the spatial autocorrelation measures the degree to which a sub-region is similar or dissimilar to the neighboring sub-regions for a specific indicator of undernutrition [42]. Given the study sample, spatial autocorrelation can be conducted globally or at the local level. The global measure summarises the spatial autocorrelation over the entire study area. In contrast, the local measure analyses localized spatial autocorrelation inside the study area [43].
Moran’s I statistic was used to measure global spatial autocorrelation or clustering of undernutrition [44]. The Moran’s I test result ranges from -1 to 1, where a value near 0 shows no statistically significant spatial clustering over the study area. The other possibilities are given in the following equation.
Moran’s I measurement was initially utilized to quantify worldwide spatial autocorrelation of ailing health [44].[image: $${\mathrm{Moran}}^{\mathrm{^{\prime}}}\mathrm{s} I= \left\{\begin{array}{c}&lt;0\\ 0\\ &gt;0\end{array}\right. \begin{array}{c}\mathrm{Spatial clustering}:\mathrm{ neighboring regions have different values}\\ \mathrm{No significant spatial clustering }\\ \mathrm{Spatial clustering}:\mathrm{ neighboring regions have similar values}\end{array}$$]




We also used another spatial autocorrelation analysis tool, Geary’s C, to understand the extent of spatial clustering in under-5 undernutrition. Geary’s C can vary from 0 to 2, where 1 indicates no spatial autocorrelation, values close to 0 indicate positive spatial autocorrelation, and values close to 2 indicate negative autocorrelation [45]. We used SpaceStat Version 4.0.21 to estimate Geary’s C.
To measure localized spatial autocorrelation of child undernutrition, a local indicator of spatial association (LISA) for Moran’s I was used, which indicated if significant spatial clusters per each location in the sample region exist or do not exist [46]. The LISA analysis produces a spatial layer that gives five different types of spatial associations and potential outliers [47].	a)
Not significant: the areas which do not exhibit any statistically significant spatial autocorrelation ([image: $$p \le 0.05)$$].

 

	b)
High-high: this type of spatial association demonstrates that the high values are encompassed by the other neighboring high values. It must be noted that the high values are not high in absolute terms but in relative terms. In this kind of association, the geographical regions with high rates of prevalence of child undernutrition are surrounded by other geographical regions with similarly high rates

 

	c)
Low-low: the low values are surrounded by other low values. In this form of association, the geographical regions with low prevalence rates of child undernutrition are surrounded by similar geographical areas with a low prevalence of child undernutrition.

 

	d)
Low – high: the low values are surrounded by high values. In other words, the areas with a low incidence of child undernutrition are surrounded by other sub-regions with high prevalence rates of child undernutrition. The geographical areas with this type of association reveal nutritional inequality and offer important insights regarding the factors contributing to the low undernutrition levels even when the neighboring regions have high undernutrition levels. Understanding how one region could achieve a lower undernutrition level compared to another region is essential knowledge from the perspective of policy formulations.

 

	e)
High-low: the high values are surrounded by low values. It means that the regions which have high prevalence rates of child undernutrition are surrounded by other sub-regions with low levels of child undernutrition. The geographical areas with this type of association again reflect nutritional inequality and provide insights about the factors leading to the high undernutrition levels, even when the neighbouring regions have low levels of undernutrition. It would be interesting to explore how one region failed to reduce undernutrition in high-low clusters when other regions in the neighbourhood reduced undernutrition.

 




As a sensitivity analysis, we applied the Getis Ord-Gi* index of spatial autocorrelation to identify clusters of undernutrition and compare it with the LISA analysis [48]. Finally, following the literature on spatial analysis [49], we used geographically weighted regression (GWR) (global and local) to highlight the differences in the relationship among variables of interest over space. We analyzed the association of a set of factors that are routinely analyzed in the empirical literature as correlates of undernutrition, including the percentage of households with electricity, median age at first sexual intercourse in years among women age 25–49 [50], percentage of live births in the five (or three) years preceding the survey delivered at a health facility [51], median duration of exclusive breastfeeding (months) [52], and percentage of women with secondary or higher education [53]. All three modules used an adaptive bi-square kernel type, and the bandwidth was chosen by minimizing the corrected Akaike information criterion. Geographically weighted regression software GWR4.0 was used for GWR analysis.
Results
There are wide disparities in under-five child undernutrition indicators across different world regions (Table 2). South Asia has the highest prevalence of under-five child undernutrition indicators, and Europe and Central Asia have the lowest prevalence rates. The highest stunting rates are in South Asia (32.4%), closely followed by East Asia and Pacific, and Sub-Saharan Africa. The smallest stunting prevalence is in Europe and Central Asia (17.5%). Wasting prevalence is again highest in South Asia (12.6%) and lowest in Latin America and the Caribbean (1.8%). South Asia again outpaces other regions with respect to underweight (26.9%). Europe and Central Asia region has the lowest underweight prevalence rate (4.95%).Table 2Regional prevalence estimates of indicators of under-five child malnutrition


	Region
	Stunting
	Wasting
	Underweight

	East Asia & Pacific
	33.2
	11.3
	25

	Europe & Central Asia
	17.5
	4.87
	4.95

	Latin America & Caribbean
	19.7
	1.8
	6.37

	Middle East & North Africa
	23.6
	8.22
	15.5

	South Asia
	32.4
	12.6
	26.9

	Sub-Saharan Africa
	33.2
	7.51
	16.9


DHS (most recent estimates in every country)



Stunting
Burundi, Madagascar, Guatemala, and Yemen were the topmost countries with respect to stunting prevalence (> 46%) (Fig. 2, top panel). In contrast, Trinidad and Tobago, Dominican Republic, Jordan, and Armenia were at the bottom of countries with stunting prevalence (< 10%).[image: ]
Fig. 2Stunting: Prevalence (top panel), LISA (middle panel), and Getis Ord-Gi* (bottom panel)


Around 61% of the sample countries had intra-country lowest and highest stunting rate differences of 20% percentage points or more (Fig. 3). The highest intra-country stunting differences were found in Burundi (42%), Peru (45%), Guatemala (51%), and Nigeria (52%). The lowest intra-country stunting rates differences were found in Trinidad and Tobago (0%), Swaziland (7.2%), and Dominican Republic (7.3%) Moldova (7.5%).[image: ]
Fig. 3Within country disparities in the stunting rates (Source: DHS)


Wasting
Timor-Leste, India, Niger, and Yemen had the highest wasting rates (> 16%). While Paraguay, Peru, Guatemala, Colombia, and Bolivia had the lowest wasting rates in our sample countries (< 1%) (Fig. 4: top panel).[image: ]
Fig. 4Wasting: Prevalence (top panel), LISA (middle panel), and Getis Ord-Gi* (bottom panel)


Around 9% of the sample countries had intra-country lowest and highest wasting rate differences of 20% percentage points or more (Fig. 5). The highest intra-country wasting differences were found in Kenya (22%), India (23%), Timor-Leste (25%), and Niger (27%). The lowest intra-country wasting rates differences were found in Trinidad and Tobago (0.0%), Rwanda (0.6%), Paraguay (0.8%) Swaziland (1.0%).[image: ]
Fig. 5Within country disparities in the wasting rates (Source: DHS)


Underweight
Timor-Leste, Yemen, Niger, and Madagascar had the highest underweight rates (> 36%) for the underweight nutrition indicator. In comparison, Albania, Armenia, Paraguay, Jordan, and Moldova had the smallest underweight rates (< 3.5%) (Fig. 6: top panel).[image: ]
Fig. 6Underweight: Prevalence (top panel), LISA (middle panel), and Getis Ord-Gi* (bottom panel)


Around 22% of the sample countries had intra-country lowest and highest underweight rate differences of 20% percentage points or more (Fig. 7). The highest intra-country underweight differences were found in Kenya (36%), Nigeria (40%), Chad (43%), and Niger (46%). The lowest intra-country underweight rates differences were found in Trinidad and Tobago (0.0%), Paraguay (2.4%), Moldova (2.5%) Swaziland (3%).[image: ]
Fig. 7Within country disparities in the underweight rates (Source: DHS)


Stunting and wasting
Dominican Republic, Albania, Colombia, and Jordan were at the bottom of stunting and wasting indicators (least prevalence), while Madagascar, Niger, Yemen, and Timor-Leste were at the top of stunting and wasting indicators (highest prevalence).
Stunting and underweight
Armenia, Albania, Jordan, and Moldova were at the bottom of stunting and underweight indicators (least prevalence). Madagascar, Niger, Yemen, and Timor-Leste were again at the top of stunting and underweight indicators (highest prevalence).
Wasting and underweight
Paraguay, Albania, Peru, and Colombia were at the bottom of wasting and underweight indicators (least prevalence), while India, Niger, Yemen, and Timor-Leste were again at the top of wasting and underweight indicators (highest prevalence).
Stunting, wasting, and underweight
All three undernutrition measures, Albania, Jordan, Colombia, and the Dominican Republic were at the bottom of the three indicators (least prevalence), while Madagascar, Niger, Yemen, and Timor-Leste were at the top of all three indicators (highest prevalence).
Local spatial association: LISA
The Local Indicators of Spatial Association (LISA) results for the three indicators of undernutrition are provided in the middle panels of Figs. 2, 4, and 6 above. The LISA maps, alternatively called the thematic maps, are explained based on the rubric in the subsection Geospatial analysis above.
The LISA maps are of significant policy-related value because they make identifying the hotspots and cold spots easier. Additionally, the outliers, alternatively called ‘low high’ and ‘high low’ categories, are of immense policy importance because they indicate disparities in the individual indicators of undernutrition. Sometimes, the LISA maps may show disconnection from the prevalence maps; that is, the high prevalence rate in the prevalence map (Figs. 2, 4, and 6: top panels) may not be reflected in the LISA map. This is because the continuous data in the prevalence map is categorized in the LISA map. Hence, it is possible that some high-value in the prevalence map does not show up as a hotspot in the LISA map because that area is not surrounded by a significant number of other areas with a high indicator value.
Stunting
The stunting hotspots in the sample are Bangladesh and India in South Asia, Cambodia in East Asia and Pacific, Guatemala in Latin America and the Caribbean, Yemen in the Middle East and North Africa (MENA) region, and Angola, Benin, Chad, Congo, Eritrea, Madagascar, Malawi, Mozambique, Niger, Tanzania, CAR, Ethiopia, and Rwanda in Sub-Saharan Africa (Fig. 2, middle panel). The stunting cold spots are Albania, Armenia, Kazakhstan, Kyrgyz Republic, and Moldova in Europe and Central Asia, Brazil, Colombia, Dominican Republic, Haiti, Nicaragua, Paraguay, Peru, and Guyana in Latin America and the Caribbean, Egypt and Jordan in MENA region and Cote d’Ivoire and Senegal in Sub-Saharan Africa.
Colombia, Guyana, Turkey, and Uzbekistan are high-low outliers which means that these countries have a low prevalence, but they are surrounded by high-prevalence regions. Nepal, Nigeria, Pakistan, and Yemen are low–high outliers, suggesting that these countries have low stunting prevalence, but they are surrounded by high-prevalence countries.
Wasting
Wasting hotspots include Bangladesh and India in South Asia, Benin, Burkina Faso, Chad, Eritrea, Ethiopia, Madagascar, Mali, Mauritania, Nigeria, Senegal, and Niger in Sub-Saharan Africa and Yemen in the MENA region (Fig. 4, middle panel). Whereas wasting cold spots are Kazakhstan and the Kyrgyz Republic in Europe and Central Asia, Peru, Bolivia, Brazil, Colombia, Dominican Republic, Guatemala, Guyana, Haiti, Nicaragua, and Paraguay in Latin America and the Caribbean. Other wasting cold spots are Jordan in MENA, Sri Lanka in South Asia, Cameroon, Congo, Gabon, Lesotho, Mozambique, Rwanda, Sao Tome and Principe, South Africa, and Swaziland in sub-Saharan Africa. Nepal is the only ‘low–high’ outlier.
Underweight
Underweight hotspots include Bangladesh, India, Sri Lanka in South Asia, Benin, Burkina Faso, Chad, Eritrea, Madagascar, Mali, Mauritania, Niger, Nigeria, CAR, and Ethiopia in sub-Saharan Africa. In East Asia and the Pacific, Cambodia and Yemen in the MENA region are also underweight hotspots (Fig. 6, middle panel). Underweight cold spots are Kazakhstan, the Kyrgyz Republic in Europe and Central Asia, Peru, Bolivia, Brazil, Colombia, Dominican Republic, Guatemala, Guyana, Haiti, Nicaragua, and Paraguay in Latin America and the Caribbean, and Jordan in the MENA region and Sri Lanka in South Asia. Other underweight cold spots are Cameroon, Congo, Gabon, Lesotho, Mozambique, Rwanda, Sao Tome and Principe, South Africa, and Swaziland. Uzbekistan is the only ‘high-low outlier’, and Pakistan is the only ‘low–high outlier’ for the underweight indicator.
Multiple indicators
Hotspots (high-high clusters)
Some countries are more consistently concentrated in one LISA clustering category across multiple indicators. For example, Bangladesh and India in South Asia, Benin, Chad, Eritrea, Madagascar in Sub-Saharan Africa, and Yemen in the MENA region are hotspots of stunting and wasting. Bangladesh, India in South Asia, Cambodia in East Asia and Pacific, Central African Republic, Chad, Eritrea, Ethiopia, Madagascar, and Niger in sub-Saharan Africa, and Yemen in the MENA region are hotspots of stunting and underweight indicators. Bangladesh and India in South Asia, Benin, Burkina Faso, Chad, Eritrea, Madagascar, Mali, Mauritania, and Nigeria in Sub-Saharan Africa, and Yemen in the MENA region are hotspots of wasting and underweight. Finally, Bangladesh and India in South Asia, Benin, Chad, Eritrea, Madagascar in Sub-Saharan Africa, and Yemen in the MENA region are stunting, wasting, and underweight hotspots.
Cold spots (low-low clusters)
Brazil, Colombia, Dominican Republic, Haiti, Nicaragua, Paraguay, and Peru in Latin America and the Caribbean region, Jordan in the MENA region, Kazakhstan, and the Kyrgyz Republic in Europe and Central Asia are stunting and wasting cold spots. Armenia, Kazakhstan, and the Kyrgyz Republic in Europe and Central Asia, Brazil, Colombia, Dominican Republic, Haiti, Nicaragua, Paraguay, and Peru in Latin America and the Caribbean, and Egypt and Jordan in the MENA region are stunting and underweight cold spots. Peru, Bolivia, Brazil, Colombia, Dominican Republic, Guyana, Haiti, Nicaragua, Paraguay in Latin America and Caribbean, Cameroon, Congo, Gabon, Lesotho, and Swaziland in Sub-Saharan Africa, Jordan in MENA region, and Kazakhstan, Kyrgyz in Europe and Central Asia are wasting and underweight cold spots of the world. Finally, Brazil, Colombia, Dominican Republic, Haiti, Nicaragua, Paraguay, and Peru in Latin America and the Caribbean, Jordan in MENA, Kazakhstan, and the Kyrgyz Republic in Europe and Central Asia region are global cold spots of stunting, wasting, and underweight.
Outliers
Uzbekistan is the ‘high-low’ outlier in the stunting and underweight indicators. Nepal is the ‘low–high outlier’ in stunting and wasting indicators, and Pakistan is the ‘low–high’ indicator of stunting and underweight indicators.
Local spatial association: Getis Ord-Gi*
Getis Ord-Gi* shows significant hotspots of high stunting rates were found in South Asia and Sub-Saharan Africa. In contrast, cold spots were found in Europe and Central Asia and Latin America, and the Caribbean (Fig. 2, bottom panel).
Getis Ord-Gi* shows significant hotspots of high wasting rates in South Asia and the northern part of Sub-Saharan Africa. At the same time, cold spots were found in southern parts of Sub-Saharan Africa, Europe and Central Asia and Latin America, and the Caribbean (Fig. 4, bottom panel).
Getis Ord-Gi* show significant hotspots of high underweight rates in South Asia and the northern part of Sub-Saharan Africa, while cold spots were found in southern parts of Sub-Saharan Africa, Europe and Central Asia, and Latin America, and the Caribbean (Fig. 6, bottom panel).
Global spatial association
Significant positive global spatial autocorrelation exists across the study area, suggesting that adjacent countries in our analysis have similar stunting rates (Global Moran’s I: 0.72, p-value < 0.01) (Table 3). Similarly, a substantial positive global spatial autocorrelation exists across the study area, signifying that adjacent countries in our analysis have similar wasting rates (Global Moran’s I: 0.71, p-value < 0.01) and underweight rates (Global Moran’s I: 0.78, p-value < 0.01).Table 3Global spatial autocorrelation (Global Moran’s I)


	 	Global Moran’s I
	P-value

	Stunting
	0.721525
	0.000

	Wasting
	0.712945
	0.000

	Underweight
	0.782262
	0.000

	 	Geary’s C
	P-value

	Stunting
	0.292948
	0.001

	Wasting
	0.256921
	0.001

	Underweight
	0.186434
	0.001


Global Moran’s I values were computed with ArcGIS Pro 2.8.3, and Geary’s C values were computed with SpaceStat 4.0



The spatial autocorrelation assessed by Geary’s C clustering technique shows that if the C > 1 indicates negative spatial autocorrelation, and if the C < 1, it indicates positive spatial autocorrelation. Geary’s C also confirmed the global Moran’s I result in a significant geographic clustering of three measures of undernutrition. Specifically, adjacent geographical areas have similar stunting (Geary’s C: 0.29, p-value < 0.01), wasting (Geary’s C: 0.26, p-value < 0.01), and underweight (Geary’s C: 0.19, p-value < 0.01) rates.
Geographically weighted regression
Geographically weighted regression (GWR) results suggest that an increase in the percentage of households with electricity significantly decreases stunting and increases wasting but has no significant effect on the underweight (Table 4). The local GWR models for all three measures of undernutrition have a smaller corrected AIC indicating a better model. The median coefficients of the local GWR models suggest that an increase in the percentage of households with electricity reduces stunting, wasting, and underweight.Table 4Geographically weighted regressions


	 	 	Global coefficients
	Local (GWR) coefficients

	Dependent
	Independent variables
	Coef
	SD
	t-value
	AICc
	Min
	LQ
	Median
	UQ
	Max
	AICc

	Stunting
	Intercept
	59.46*
	2.80
	21.24
	5193.66
	-60.96
	19.15
	49.47
	69.05
	109.49
	4715.95

	Stunting
	Sexual intercourse
	-0.48*
	0.17
	-2.77
	 	-3.62
	-0.99
	0.09
	1.65
	6.25
	 
	Stunting
	Health facility
	-0.16*
	0.02
	-9.35
	 	-0.71
	-0.28
	-0.15
	-0.08
	0.24
	 
	Stunting
	Exclusive breastfeeding
	0.09
	0.16
	0.56
	 	-2.92
	-0.54
	0.29
	1.17
	3.58
	 
	Stunting
	Women’s education
	-0.11*
	0.02
	-4.51
	 	-0.50
	-0.25
	-0.14
	-0.08
	0.15
	 
	Stunting
	Electricity
	-0.08*
	0.02
	-5.01
	 	-0.51
	-0.16
	-0.03
	0.05
	0.32
	 
	Wasting
	Intercept
	9.28*
	1.59
	5.84
	4395.13
	-29.87
	-5.88
	5.89
	21.33
	62.38
	3874.59

	Wasting
	Sexual intercourse
	0.41*
	0.10
	4.21
	 	-2.54
	-0.86
	-0.03
	1.08
	2.68
	 
	Wasting
	Health facility
	-0.12*
	0.01
	-11.81
	 	-0.31
	-0.10
	-0.04
	0.01
	0.10
	 
	Wasting
	Exclusive breastfeeding
	-0.49*
	0.09
	-5.36
	 	-3.45
	-0.85
	-0.26
	-0.09
	4.57
	 
	Wasting
	Women’s education
	-0.04*
	0.01
	-2.80
	 	-0.42
	-0.06
	-0.01
	0.03
	0.20
	 
	Wasting
	Electricity
	0.02*
	0.01
	2.21
	 	-0.17
	-0.04
	-0.02
	0.02
	0.43
	 
	Underweight
	Intercept
	35.50*
	2.50
	14.19
	5034.82
	-56.18
	3.29
	15.06
	46.07
	124.11
	4379.98

	Underweight
	Sexual intercourse
	0.10
	0.15
	0.65
	 	-4.73
	-0.81
	0.32
	1.35
	4.35
	 
	Underweight
	Health facility
	-0.23*
	0.02
	-14.90
	 	-0.52
	-0.19
	-0.10
	-0.03
	0.27
	 
	Underweight
	Exclusive breastfeeding
	-0.36*
	0.15
	-2.48
	 	-11.78
	-0.95
	-0.21
	0.38
	6.52
	 
	Underweight
	Women’s education
	-0.11*
	0.02
	-5.07
	 	-0.90
	-0.13
	-0.07
	0.00
	0.26
	 
	Underweight
	Electricity
	0.00
	0.01
	0.21
	 	-0.43
	-0.11
	-0.05
	0.03
	0.51
	 

*p < 0.05
Definitions of the independent variables is as under:
• Sexual intercourse: Median age at first sexual intercourse in years among women age 25–49
• Health facility: Percentage of live births in the five (or three) years preceding the survey delivered at a health facility
• Exclusive breastfeeding: Median duration of exclusive breastfeeding (months)
• Women’s education: Percentage of women with secondary or higher education
• Electricity: Percentage of households with electricity
Min Minimum, LQ Lower quartile, UQ Upper quartile, Max Maximum, AICs Corrected Akaike information criterion



An increase in the median age at first sexual intercourse among women aged 25–49 reduces stunting but counterintuitively increases wasting rates. The median coefficients of the local GWR models suggest that an increase in the median age at first sexual intercourse among women aged 25–49 reduces wasting. A higher percentage of women giving birth in a health facility is associated with lower stunting, wasting, and underweight rates. Similarly, An increase in the median duration of exclusive breastfeeding reduces wasting and underweight rates. An increase in the percentage of women with secondary or higher education significantly decreases all three undernutrition measures.
Discussion
The geospatial distribution of the three indicators of under-five child undernutrition was investigated in this study. We found a significant within and across country variation in the stunting, wasting, and underweight rates among the under-five children’s population. The geospatial analysis also suggested that stunting, wasting, and underweight patterns show clear regional patterns. The stunting, wasting, and underweight hotspots in the sample were mostly situated in South Asia and Sub-Saharan Africa. The stunting, wasting, and underweight cold spots were primarily concentrated in Europe and Central Asia and the Latin America, and the Caribbean regions.
Some countries are more consistently concentrated in one LISA clustering category across multiple indicators. Bangladesh and India in South Asia, Benin, Chad, Eritrea, and Madagascar in Sub-Saharan Africa, and Yemen in the MENA region are stunting, wasting, and underweight hotspots. Brazil, Colombia, Dominican Republic, Haiti, Nicaragua, Paraguay, and Peru in Latin America and the Caribbean, Jordan in MENA and Kazakhstan, and the Kyrgyz Republic in Europe and Central Asia are global stunting, wasting, and underweight cold spots.
An exploration of the spatial distribution of key health indicators helps identify the patterns of undernutrition and identify the areas where the prevalence of undernutrition is extraordinarily high. The geospatial analysis also identifies the areas with extreme inequalities. A cross-country geospatial analysis could enable policymakers to tailor coordinated policies for better results.
While it is crucial to identify the determinants of child undernutrition, the geographic location has not been analyzed in detail as a correlate of child undernutrition. Health inequalities can be observed by the patterns of health outcomes [54, 55]. Sometimes health inequality is analyzed as a function of the wealth status [56, 57]. Nevertheless, large cross-country clusters of undernutrition indicators may reflect comparable life circumstances. Cultures often transcend national boundaries. Historically, many homogenous ethnic groups were divided into independent nation-states at the end of the colonial system. Consequently, population groups in the neighboring areas share many cultural traits, even though they are in different independent countries [58]. Since child undernutrition indicators, such as stunting, wasting, and underweight, are both a function of food intake and genetic and hereditary characteristics, it is plausible to see similar patterns within and across countries.
The hotspots and cold spots dominate the undernutrition patterns in the developing world, with very few outliers with ‘high low’ clusters or ‘low high’ clusters. However, the wide disparities in child undernutrition within the countries may indicate the varying levels of quality and quantity of government health interventions or the differential impact of the government interventions on different population sub-groups.
Existing evidence shows that stunting is closely associated with culturally distinct food consumption patterns [59]. Early initiation of breastfeeding is extremely low in LMICs. According to the recent global trends, less than 50%, of children receive early initiation of breastfeeding, only about 40% are exclusively breastfed in the first six months, and around 33% children do not continue breastfeeding in the second year of their life.1 Evidence suggests that early initiation of breastfeeding significantly reduces stunting and other types of undernutrition [60]. Exclusive breastfeeding also has a protective effect against the risk of child undernutrition [52].
A balanced diet, with an adequate intake of fruit and vegetables and poultry products, is not accessible for most people in LMICs. Evidence suggests that complementary feeding (consumption of solid, semi-solid, or soft foods in addition to breastmilk after six months of birth) has also a significant role in preventing undernutrition [61–63]. However, to realize full health benefits, complementary feeding must be initiated in the sixth month of a child’s life [64]. Complementary food must also satisfy minimum dietary diversity [65]. Standards of minimum dietary diversity are satisfied when a child is fed from at least four out of seven food groups, including i) grains, roots, and tubers, ii) legumes and nuts, iii) dairy products, iv) flesh foods, v) eggs, vi) vitamin-A rich fruits and vegetables, and vii) other fruits and vegetables [66]. Additionally, complementary food should follow recommended intake consistent with the child’s age group. For example, recommended intake of iron-rich foods such as meats, poultry, and fortified infant cereals is different for 6–9 months children and 9–12 months old children [67]. A study in Malawi concludes that despite the availability of crops that make up major components of complementary food, the consumption of complementary food remains low due to cultural traditions and limited awareness of the health benefits of complementary food [68]. There has been a growing shift in food consumption patterns favoring readily available processed food [69]. Food insecurity is a critical problem in the developing world exacerbated by the violent swings in climatic patterns [70]. But an even pressing issue is the inequitable distribution of food and other productive resources, which subjects some sections of the society to poverty [71].
Developing countries generally have a low productive capacity, which barely leaves enough funds for productive investment [72]. Consequently, they can hardly go beyond satisfying their basic needs. Since the per capita income is very little, the governments cannot raise sufficient revenue through taxes and cannot put the economy on a higher growth trajectory. Consequently, governments have insufficient funds to adequately invest in the health and education sector to promote human capital, and such countries have to labour under enormous foreign debts. The aid and grants and official development assistance (ODA) often come with strings attached. Therefore, there is not much space for maneuvering for the governments in LMICs.
Maternal health also contributes significantly to the nutritional profile of the children [73]. Usually, the young mothers are not adequately developed physically to feed their children. Additionally, women in the developing world often have a lower status within the household. They have limited autonomy in the decision-making process related to their children’s health. In some cultures, women are not allowed to venture out to receive medical care without a male relative. They often are discriminated against concerning the distribution of food within the household. Some are subjected to domestic violence, with profound health implications for themselves and their children. A combination of all these factors contributes to inadequate food intake, which thereby adversely affects the development of the fetus, leading to child undernutrition in the long term.
The average height of the mother is also a significant predictor of stunting [74]. With an average maternal height in LMICs significantly less than the average maternal height in the developed world, stunting can sometimes be explained in terms of genetic characteristics. Apart from the genetic characteristics, some other factors that play a role in explaining the intergenerational transmission of undernutrition are the intergenerational transmission of poverty [75]. From the point of view of human evolution, women have smaller pelvises than other higher primates, and stunted women have even smaller pelvises, which significantly increase the risk of child mortality during birth to a child with a large head circumference [75]. Because of the known risks of giving birth to a large baby, many women in the different parts of the world “eat down” during pregnancy, increasing the risk of child undernutrition [75].
A substantial disease burden in LMICs can be attributed to the health conditions generally addressed in the developed world. For example, malaria, contained mainly in the developed world, is a major killer in LMICs [76]. Furthermore, chronic diarrhoeal diseases and other infectious diseases, some of which are avoidable through effective vaccination, also contribute to the inaccessibility of a balanced diet and, in turn, lead to stunting. Also, HIV AIDS in Africa poses a significant disease burden on the population [77]. Similarly, South Asia also has a fragile public healthcare system, which cannot effectively satisfy a massive population’s health needs. Therefore, the disease burden can translate into substantial out-of-pocket expenses in many households and lead to child undernutrition [78].
Priorities for regions with high nutritional inequalities
We find that South Asia has the highest prevalence of under-five child undernutrition. This emphasizes the need to prioritize children’s nutritional intake in South Asia and understand why South Asia is leading the world in this area. The stunting and wasting hotspots in the sample are Bangladesh and India in South Asia, while for under-weight, Sri Lanka is also included besides Bangladesh and India. This study thus identifies that these three countries require immediate priorities by the national governments of the respective countries and international organizations to identify the causes of undernutrition to help these countries come out of this situation. A closer look at these countries illustrates the problems in the health service delivery of these countries and problems such as maternal health, food consumption patterns, food insecurity, lack of safe drinking water, conflicts, and so on [79]. To tackle these challenges, it is also proposed that a new South Asian Health Organization is formed where these countries tackle common challenges together and make concerted efforts to tackle under-five child undernutrition and track their progress over time.
Currently, many of the neighboring countries in the developing world have regional conflicts, and therefore a coordinated strategy to fight child undernutrition on a regional basis seems highly challenging. The decades-long enmity between nuclear powers like India and Pakistan in South Asia is one such example of hatred among the neighbors. Similarly, many countries in sub-Saharan Africa have been the sworn enemies of their neighbors and have remained engaged in bloody conflicts. While the national policies have to address the within-country nutritional inequalities, any global initiative to alleviate child undernutrition may need to keep such decades-long political conflicts or any related external factors into account for successful policy interventions. Since maternal health also contributes significantly to the children’s nutrition [73], the governments in the respective countries need to significantly increase investments in maternal health, which will help improve the nutritional status of the children.
The correlates of child undernutrition used in the geographically weighted regressions corroborate the existing evidence. Exclusive breastfeeding has a protective effect on child undernutrition [52], and child marriages increase the risk of child undernutrition [50]. Maternal education protects against child malnutrition [53]. Relative to home-based delivery, the birth of a child at the health facility reduces the risk of child undernutrition [51].
Limitation
Previously, undernutrition and overnutrition were generally analyzed as two distinct domains based on the assumption that these two nutritional statuses are fundamentally different, pose different challenges, affect different populations, and have different risk factors [80]. However, in recent years, a new understanding has emerged that two types of malnutrition can co-occur within communities, families, and even individuals and is aptly called the “double burden of malnutrition.” It is argued that both undernutrition and overnutrition share common drivers, including inadequate early life nutrition, dietary diversity, and socioeconomic factors [81]. Similarities in the risk factors of both nutritional issues require a uniform measure to address both problems. A double-duty action seeks to prevent the risk of undernutrition and overnutrition simultaneously. However, we have used three measures of undernutrition because the georeferenced data necessary for spatial analysis was available in case of stunting, wasting, and underweight. So restricting the study to include only the undernutrition variables is a significant limitation of our study. As we analyzed observational data, establishing a casual relationship is not possible.
One limitation of our research was the non-existence of panel data to assess the geography of nutritional inequalities over time. Future research could focus on cross-country panel data studies to assess such inequalities to understand which countries are faring better in improving under-five child nutrition and the underlying reasons for the improvement. Another interesting direction for future research would be to look at nutritional inequalities among children in different age groups.
Conclusion
We analysed geospatial distribution of the three indicators of under-five child undernutrition. We found a significant within and across country variation in stunting, wasting, and underweight rates. The geospatial analysis suggested that three measures of child undernutrition showed clear regional patterns. Child undernutrition hotspots in the sample were mostly in South Asia and Sub-Saharan Africa, and cold spots were mostly concentrated in Europe, Central Asia, Latin America and the Caribbean.
Acknowledgements
Fifth and sixth authors acknowledge Ratchadapisek Somphot Fund for Postdoctoral Fellowship, Chulalongkorn University Thailand.

Authors’ contributions
RA conceptualized this study; RA, SF and LZ analysed the data and SZ drafted the manuscript, RK revised the paper; SP supervised this research and finalized the manuscript. All authors read and approved the final manuscript.

Funding
Not available.

Availability of data and materials
DHS data set is publically available online on the following link: https://​dhsprogram.​com/​data/​available-datasets.​cfm

Declarations
Ethics approval and consent to participate
This study is based on an analysis of cross sectional data available freely and publicly with all identifier information removed, no ethics approvals were required.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.


References
	1.
Global Health Observatory. World Health Organization. 2021. Available from: https://​www.​who.​int/​data/​gho/​data/​themes/​topics/​indicator-groups/​indicator-group-details/​GHO/​gho-jme-global-and-regional-trends-underweight-jme-unicef-who-wb.

	2.
Ssentongo P, Ssentongo AE, Ba DM, Ericson JE, Na M, Gao X, et al. Pooled Analysis of Global, Regional and Country-Level Prevalence of Childhood Stunting, Wasting and Underweight in 62 Low-and Middle-Income Countries, 2006–2018. Regional and Country-Level Prevalence of Childhood Stunting, Wasting and Underweight in. 2019;62:2006–18.

	3.
Organization WH. The state of food security and nutrition in the world 2018: building climate resilience for food security and nutrition: Food & Agriculture Org. 2018.

	4.
Rashad AS, Sharaf MF. Economic growth and child malnutrition in Egypt: new evidence from national demographic and health survey. Soc Indic Res. 2018;135(2):769–95.

	5.
Bourke CD, Berkley JA, Prendergast AJ. Immune dysfunction as a cause and consequence of malnutrition. Trends Immunol. 2016;37(6):386–98.PubMedPubMedCentral

	6.
Akseer N, Bhatti Z, Mashal T, Soofi S, Moineddin R, Black RE, et al. Geospatial inequalities and determinants of nutritional status among women and children in Afghanistan: an observational study. Lancet Glob Health. 2018;6(4):e447–59.PubMed

	7.
Miranda VIA, Dal Pizzol TdS, Silveira MPT, Mengue SS, da Silveira MF, Lutz BH, et al. The use of folic acid, iron salts and other vitamins by pregnant women in the 2015 Pelotas birth cohort: is there socioeconomic inequality?. BMC Public Health. 2019;19(1):889.

	8.
Sinha A, McRoy RG, Berkman B, Sutherland M. Drivers of change: examining the effects of gender equality on child nutrition. Child Youth Serv Rev. 2017;76:203–12.

	9.
Pulok MH, Sabah MN-U, Enemark U. Socioeconomic inequalities of child malnutrition in Bangladesh. Int J Soc Econ. 2016;43(12):1439–59.

	10.
Nahar B, Hossain M, Mahfuz M, Islam MM, Hossain MI, Murray-Kolb LE, et al. Early childhood development and stunting: findings from the MAL-ED birth cohort study in Bangladesh. Matern Child Nutr. 2020;16(1):e12864.PubMed

	11.
Walker SP, Chang SM, Powell CA, Grantham-McGregor SM. Effects of early childhood psychosocial stimulation and nutritional supplementation on cognition and education in growth-stunted Jamaican children: prospective cohort study. Lancet. 2005;366(9499):1804–7.PubMed

	12.
Gardner JMM, Grantham-McGregor SM, Himes J, Chang S. Behaviour and development of stunted and nonstunted Jamaican children. J Child Psychol Psychiatry. 1999;40(5):819–27.PubMed

	13.
Black RE, Allen LH, Bhutta ZA, Caulfield LE, De Onis M, Ezzati M, et al. Maternal and child undernutrition: global and regional exposures and health consequences. Lancet. 2008;371(9608):243–60.PubMed

	14.
Asiki G, Newton R, Marions L, Kamali A, Smedman L. The effect of childhood stunting and wasting on adolescent cardiovascular diseases risk and educational achievement in rural Uganda: a retrospective cohort study. Glob Health Action. 2019;12(1):1626184.PubMedPubMedCentral

	15.
Uzogara SG. Underweight, the less discussed type of unhealthy weight and its implications: a review. Am J Food Sci Nutr Res. 2016;3(5):126–42.

	16.
Woodward A, Kawachi I. Why reduce health inequalities? J Epidemiol Community Health. 2000;54(12):923–9.PubMedPubMedCentral

	17.
Brazil 1986: results from the Demographic and Health Survey. Stud Fam Plann. 1988;19(1):61–5.

	18.
UNICEF. The state of the children: Oxford University Press for UNICEF. 1998.

	19.
Bacigalupe A, Escolar-Pujolar A. The impact of economic crises on social inequalities in health: what do we know so far? Int J Equity Health. 2014;13(1):1–6.

	20.
Laparra M, Eransus BP, Lasheras R, Gamundí MAC, Guinea-Martín D, Zugasti N, et al. Crisis and social fracture in Europe. Barcelona: Colección Estudios Sociales. 2012;35:1–206.

	21.
Beckfield J, Olafsdottir S, Bakhtiari E. Health inequalities in global context. Am Behav Sci. 2013;57(8):1014–39.PubMedPubMedCentral

	22.
Goesling B. The rising significance of education for health? Soc Forces. 2007;85(4):1621–44.

	23.
Babones SJ. Income inequality and population health: correlation and causality. Soc Sci Med. 2008;66(7):1614–26.PubMed

	24.
Link BG, Phelan J. Social conditions as fundamental causes of disease. J Health Soc Behav. 1995;35:80.

	25.
Cutler D, Deaton A, Lleras-Muney A. The determinants of mortality. J Econ Perspec. 2006;20(3):97–120.

	26.
Marmot M. Global action on social determinants of health. Bulletin of the World Health Organization. 2011;89(10):702.PubMedPubMedCentral

	27.
Reap M, Pornwattanavate S, Thame C, Van der Putten M. The social determinants of health of the Urak Lawoi’of southern Thailand. BMC Public Health. 2020;20(1):1–14.

	28.
Organization WH. A conceptual framework for action on the social determinants of health: debates, policy and practice. A conceptual framework for action on the social determinants of health: debates, policy and practice. 2010.

	29.
Coburn D. Beyond the income inequality hypothesis: class, neo-liberalism, and health inequalities. Soc Sci Med. 2004;58(1):41–56.PubMed

	30.
Wilkinson RG. Unhealthy societies: the afflictions of inequality. London and New York: Routledge; 2002.

	31.
Sen A. Social justice and the distribution of income. Handbook of Income Distribution. 2000;1:59–85.

	32.
Fenta HM, Zewotir T, Muluneh EK. Spatial data analysis of malnutrition among children under-five years in Ethiopia. BMC Med Res Methodol. 2021;21(1):232.PubMedPubMedCentral

	33.
Tarekegn BT, Assimamaw NT, Atalell KA, Kassa SF, Muhye AB, Techane MA, et al. Prevalence and associated factors of double and triple burden of malnutrition among child-mother pairs in Ethiopia: Spatial and survey regression analysis. BMC Nutr. 2022;8(1):34.PubMedPubMedCentral

	34.
Singh M, Alam MS, Majumdar P, Tiwary B, Narzari H, Mahendradhata Y. Understanding the Spatial Predictors of Malnutrition Among 0–2 Years Children in India Using Path Analysis. Front Public Health. 2021;9:667502.PubMedPubMedCentral

	35.
Rabbi SE, Ali M, Costa LC, Pradhan P, Rahman A, Yunus FM, et al. Identifying climatic and non-climatic determinants of malnutrition prevalence in Bangladesh: a country-wide cross-sectional spatial analysis. Spat Spatiotemporal Epidemiol. 2021;37:100422.PubMed

	36.
Hernandez-Vasquez A, Tapia-Lopez E. Chronic malnutrition among children under five in Peru: a spatial analysis of nutritional data, 2010–2016. Rev Esp Salud Publica. 2017;91:1–10.

	37.
Feder G, Flavia Lucas d’Oliveira A, Rishal P, Johnson M. Domestic violence during the pandemic. BMJ. 2021;372:n753.

	38.
de Onis M, Onyango AW. WHO child growth standards. The Lancet. 2008;371(9608):204.

	39.
The DHS Program Spatial Data Repository. Funded by USAID. 2020 [cited 30 June 2020]. Available from: https://​spatialdata.​dhsprogram.​com.

	40.
Yourkavitch J, Burgert-Brucker C, Assaf S, Delgado S. Using geographical analysis to identify child health inequality in sub-Saharan Africa. PloS One. 2018;13(8):1–23.

	41.
Tobler WR. A computer movie simulating urban growth in the Detroit region. Econ Geogr. 1970;46(sup1):234–40.

	42.
Getis A. Spatial autocorrelation. Handbook of applied spatial analysis. Berlin Heidelberg: Springer. 2010. p. 255–78. https://​doi.​org/​10.​1007/​978-3-642-03647-7_​14.

	43.
Viladomat J, Mazumder R, McInturff A, McCauley DJ, Hastie T. Assessing the significance of global and local correlations under spatial autocorrelation: a nonparametric approach. Biometrics. 2014;70(2):409–18.PubMedPubMedCentral

	44.
Moran PA. Notes on continuous stochastic phenomena. Biometrika. 1950;37(1/2):17–23.PubMed

	45.
Mahapatra B, Walia M, Rao CAR, Raju BMK, Saggurti N. Vulnerability of agriculture to climate change increases the risk of child malnutrition: evidence from a large-scale observational study in India. PLoS One. 2021;16(6):e0253637.PubMedPubMedCentral

	46.
Anselin L. Local Indicators of Spatial Association—LISA. Geogr Anal. 1995;27(2):93–115.

	47.
Burgert-Brucker CR, Yourkavitch J, Assaf S, Delgado S. Geographic Variation in Key Indicators of Maternal and Child Health Across 27 Countries in Sub-Saharan Africa. DHS Spatial Analysis Reports No. 12. Rockville: ICF International; 2015.

	48.
Cabrera-Barona PF, Paredes M, Cole D. Associations of body mass index with food environments, physical activity and smoking. J Geographic Inform Sci. 2019;7(2):10–23.

	49.
Fraser LK, Clarke GP, Cade JE, Edwards KL. Fast food and obesity: a spatial analysis in a large United Kingdom population of children aged 13–15. Am J Prev Med. 2012;42(5):e77–85.PubMed

	50.
Efevbera Y, Bhabha J, Farmer PE, Fink G. Girl child marriage as a risk factor for early childhood development and stunting. Soc Sci Med. 2017;185:91–101.PubMed

	51.
Rahman MS, Howlader T, Masud MS, Rahman ML. Association of low-birth weight with malnutrition in children under five years in Bangladesh: do mother’s education, socio-economic status, and birth interval matter? PLoS One. 2016;11(6):e0157814.PubMedPubMedCentral

	52.
Hadi H, Fatimatasari F, Irwanti W, Kusuma C, Alfiana RD, Asshiddiqi MIN, et al. Exclusive breastfeeding protects young children from stunting in a low-income population: a study from Eastern Indonesia. Nutrients. 2021;13(12):4264.PubMedPubMedCentral

	53.
Iversen PO, Ngari M, Westerberg AC, Muhoozi G, Atukunda P. Child stunting concurrent with wasting or being overweight: A 6-y follow up of a randomized maternal education trial in Uganda. Nutrition. 2021;89:111281.PubMedPubMedCentral

	54.
Whitehead M. The concepts and principles of equity and health. Health Promot Int. 1991;6(3):217–28.

	55.
Lee JH, Sadana R, Health CoSDo. Improving equity in health by addressing social determinants. Geneva: World Health Organization; 2011.

	56.
Gwatkin DR, Rutstein S, Johnson K, Suliman E, Wagstaff A, Amouzou A. Socio-economic differences in health, nutrition, and population within developing countries: an overview. Socio-economic differences in health, nutrition, and population within developing countries: an overview. 2007.

	57.
Barros AJ, Ronsmans C, Axelson H, Loaiza E, Bertoldi AD, França GV, et al. Equity in maternal, newborn, and child health interventions in Countdown to 2015: a retrospective review of survey data from 54 countries. Lancet. 2012;379(9822):1225–33.PubMed

	58.
Michalopoulos S, Papaioannou E. The long-run effects of the scramble for Africa. Am Econ Rev. 2016;106(7):1802–48.

	59.
Kavle JA, El-Zanaty F, Landry M, Galloway R. The rise in stunting in relation to avian influenza and food consumption patterns in Lower Egypt in comparison to Upper Egypt: results from 2005 and 2008 Demographic and Health Surveys. BMC Public Health. 2015;15(1):285.PubMedPubMedCentral

	60.
Muldiasman M, Kusharisupeni K, Laksminingsih E, Besral B. Can early initiation to breastfeeding prevent stunting in 6–59 months old children?. Journal of Health Research. 2018.

	61.
Rakotomanana H, Hildebrand D, Gates GE, Thomas DG, Fawbush F, Stoecker BJ. Maternal Knowledge, Attitudes, and Practices of Complementary Feeding and Child Undernutrition in the Vakinankaratra Region of Madagascar: A Mixed-Methods Study. Curr Dev Nutr. 2020;4(11):nzaa162.PubMedPubMedCentral

	62.
Maciel BLL, Costa PN, Filho JQ, Ribeiro SA, Rodrigues FAP, Soares AM, et al. Higher Energy and Zinc Intakes from Complementary Feeding Are Associated with Decreased Risk of Undernutrition in Children from South America, Africa, and Asia. J Nutr. 2020;151(1):170–8.PubMedCentral

	63.
Ali M, Arif M, Shah AA. Complementary feeding practices and associated factors among children aged 6–23 months in Pakistan. PLoS One. 2021;16(2):e0247602.PubMedPubMedCentral

	64.
International Food Policy Research Institute. From promise to impact: Ending malnutrition by 2030. Washington, DC: International Food Policy Research Institute; 2016.

	65.
Olatona FA, Adenihun JO, Aderibigbe SA, Adeniyi OF. Complementary Feeding Knowledge, Practices, and Dietary Diversity among Mothers of Under-Five Children in an Urban Community in Lagos State, Nigeria. Int J MCH AIDS. 2017;6(1):46–59.PubMedPubMedCentral

	66.
Baek Y, Chitekwe S. Sociodemographic factors associated with inadequate food group consumption and dietary diversity among infants and young children in Nepal. PLoS One. 2019;14(3):e0213610.PubMedPubMedCentral

	67.
Van Elswyk ME, Murray RD, McNeill SH. Iron-Rich Complementary Foods: Imperative for All Infants. Curr Dev Nutr. 2021;5(10):nzab117.PubMedPubMedCentral

	68.
Seetha A, Tsusaka TW, Munthali TW, Musukwa M, Mwangwela A, Kalumikiza Z, et al. How immediate and significant is the outcome of training on diversified diets, hygiene and food safety? An effort to mitigate child undernutrition in rural Malawi. Public Health Nutr. 2018;21(6):1156–66.PubMedPubMedCentral

	69.
Monteiro CA, Moubarac JC, Cannon G, Ng SW, Popkin B. Ultra-processed products are becoming dominant in the global food system. Obes Rev. 2013;14:21–8.PubMed

	70.
Aizawa T. Ex-ante Inequality of Opportunity in Child Malnutrition: New Evidence from Ten Developing Countries in Asia. Econ Hum Biol. 2019;35:144–61.PubMed

	71.
Hasegawa T, Havlík P, Frank S, Palazzo A, Valin H. Tackling food consumption inequality to fight hunger without pressuring the environment. Nat Sustain. 2019;2(9):826–33.

	72.
Peter-Cookey MA, Janyam K. Reaping just what is sown: Low-skills and low-productivity of informal economy workers and the skill acquisition process in developing countries. Int J Educ Dev. 2017;56:11–27.

	73.
Shinsugi C, Gunasekara D, Gunawardena N, Subasinghe W, Miyoshi M, Kaneko S, et al. Double burden of maternal and child malnutrition and socioeconomic status in urban Sri Lanka. PLoS One. 2019;14(10):e0224222.PubMedPubMedCentral

	74.
Addo OY, Stein AD, Fall CH, Gigante DP, Guntupalli AM, Horta BL, et al. Maternal height and child growth patterns. J Pediatr. 2013;163(2):549-54. e1.PubMedPubMedCentral

	75.
Martorell R, Zongrone A. Intergenerational influences on child growth and undernutrition. Paediatr Perinat Epidemiol. 2012;26:302–14.PubMed

	76.
Dabaro D, Birhanu Z, Yewhalaw D. Analysis of trends of malaria from 2010 to 2017 in Boricha District, Southern Ethiopia. Malaria J. 2020;19(1):1–10.

	77.
Gona PN, Gona CM, Ballout S, Rao SR, Kimokoti R, Mapoma CC, et al. Burden and changes in HIV/AIDS morbidity and mortality in Southern Africa Development Community Countries, 1990–2017. BMC Public Health. 2020;20(1):1–14.

	78.
Adeosun OT, Faboya OM. Health care expenditure and child mortality in Nigeria. International Journal of Health Care Quality Assurance. 2020.

	79.
Smith LC, Haddad L. Reducing Child Undernutrition: Past Drivers and Priorities for the Post-MDG Era. World Dev. 2015;68:180–204.

	80.
Wells JC, Sawaya AL, Wibaek R, Mwangome M, Poullas MS, Yajnik CS, et al. The double burden of malnutrition: aetiological pathways and consequences for health. Lancet. 2020;395(10217):75–88.PubMed

	81.
Hawkes C, Ruel MT, Salm L, Sinclair B, Branca F. Double-duty actions: seizing programme and policy opportunities to address malnutrition in all its forms. Lancet. 2020;395(10218):142–55.PubMed



Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.
Footnotes
1
https://​data.​unicef.​org/​resources/​world-breastfeeding-week-2020/​

 



OEBPS/navigation.xhtml

    
      Contents


      
        		Nutritional inequalities among under-five children: a geospatial analysis of hotspots and cold spots in 73 low- and middle-income countries


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/12939_2022_1733_Article_TeX_IEq1.png
p < 0.05)





OEBPS/images/12939_2022_1733_Fig6_HTML.png
Under-5 underweight prevalence (%)

Kazakhstan

Moldova e
ej

uz
i ijan

Albania Turkeydﬂm i
T“‘ Jordan

Dom‘ioan
 ationguras Republic
u
Nicara‘g?:a'
-~
olfoe
Colombia
£l Brazil
Legend e
* 1-8
o
v ivia I
Paraguay I 16-24
0 1,250 2,500 5,000 Miles ; I 25 - 36
L [ TR TR N NN R | | Esri, (M 37 - 60

- High-High cluster g
- High-Low outlier
Low-High outlier
o - Low-Low cluster
; i ;i ; .| . . . S.OIOO Miles AR ot sgicnt

Under-5 underweight: Getis-Ord Gi*

Mofova

Dominican

Republic

¥ Getis-Ord Gi*
I cold Spot with 99% Confidence
I Cold Spot with 95% Confidence ™

Cold Spot with 90% Confidence

Not Significant

_ Hot Spot with 90% Confidence

! 5,000 Miles R AR I Hot Spot with 95% Confidence

L 1 1 1 1 1 1 1 ] I Hot Spot with 99% Confidence






OEBPS/images/12939_2022_1733_Fig1_HTML.png
Child malnutrition, death and

disability Outcomes

Inadequate dietary Disease

intake Immediate causes

Poor water/sanitation and

Underlying causes at

Inadequate maternal and
i household/family level

Insufficient access to food

dequate health services

Quantity and quality of actual resources - human,

and or i | - and the way they are —
controlled
Basic causes at
societal level
¢ Sank —

logy, people





OEBPS/images/12939_2022_1733_Fig7_HTML.png
Country

Timor-Leste - O
Yemen - O
Niger - O
Madagascar - —_— 00—
India -
Eritrea - ©
Bangladesh - _— 00—
Burundi - O
Sri Lanka - — 00—
Chad - O
—.—
e
O
o
O
0
O

Mauritania -
Nepal -
Burkina Faso -
Cambodia -
Ethiopia -
Congo Democratic Republic -
Pakistan -
Central African Republic -
Nigeria -
Myanmar -
Angola -

Mali -
Thailand -
Benin -

Sierra Leone -
Gambia -
Guinea -

Togo -
Uzbekistan -
Comoros -
Liberia -
Mozambique -
Cote d'lvoire -
Zambia =
Maldives -
Cameroon -
Senegal -
Tanzania -

B
—.—
— 00—
0
[
——
_—
—
— 00—
—  ——
—
_.—
[T G ——
_!_
_
_
Namibia - —_—
o—
—
R —
—_——
—————
—  —
——
—0-

—0
O
00—

—0—
————
e
———
———
R ¢ W
_.—
—0—
-o0—
e

Sao Tome and Principe -
Guatemala -
Congo -
Malawi -
Kenya -
Ghana -
Guyana -
Uganda -
Lesotho -
Haiti -
Rwanda -
Morocco -
Zimbabwe -
Tunisia -
Azerbaijan -
Tajikistan -
Nicaragua -
Honduras -
Turkey -
Gabon -
South Africa -
Egypt -
Eswatini -
Trinidad and Tobago - (o]
Bolivia - —0—
Brazil - —0—
Dominican Republic - —0—
Kazakhstan - —0—

Peru - —O—
Kyrgyz Republic - —O0—
Colombia - ——

Moldova - o
Jordan - -o0—
Paraguay - fo
Armenia- —OQ———
Albania - '-.— 1 f I
0 20 40 60

Underweight population of children under 5 (Min — Mean — Max) (%)





OEBPS/images/12939_2022_1733_Fig4_HTML.png
Under-5 wasting prevalence (%)

Tunisia

Jordan

i

GW
Nicaragua' -

5,000 Miles
| | | | 1 |

Dominican
Republic
GuatEa
Nicaragua .
ailos fons
Colombia g
i Brazil
Legend e
0-4
Bolivia -
5-9
= mbique o 0-15
Paraguay jaziland -
0 1,250 2,500 5,000 Miles o T ; I 16-24
L [ TR TR N NN M | | Esri, N 25 - 42
E

P ioh-igh clusterye
- High-Low outlier

Low-High outler
- Low-Low cluster
Not significant

Domigican
Repioic

Guateria
Nicaragod

5,000 Miles
1 | |

g Getis-Ord Gi*

I cold Spot with 99% Confidence

I Cold Spot with 95% Confidence ™
Cold Spot with 90% Confidence

Not Significant

_ Hot Spot with 90% Confidence

I Hot Spot with 95% Confidence

I Hot Spot with 99% Confidence






OEBPS/images/12939_2022_1733_Article_TeX_Equa.png
< 0 Spatialclustering : neighboringregionshavedifferentvalues
Moran sl = 0 Nosignificantspatialclustering
> (  Spatialclustering : neighboringregionshavesimilarvalues





OEBPS/images/12939_2022_1733_Fig5_HTML.png
Country

Timor-Leste -
India -

Niger -

Yemen -
Burkina Faso -
Eritrea -
Madagascar -
Mauritania -
Bangladesh -
Sri Lanka -
Chad -
Uzbekistan -
Gambia -
Comoros -
Sao Tome and Principe -
Morocco -
Ethiopia -
Nepal -
Cambodia -
Sierra Leone -
Central African Republic -
Maldives -
Senegal -

Mali -

Guinea -

. Egypt -
Congo Democratic Republic -
Cote d'lvoire -
Pakistan -
Myanmar -
Azerbaijan -
Nigeria -

Togo -
Thailand -
Namibia -
Zambia =
Liberia -
Mozambique -
Congo -
Cameroon -
Tajikistan -
Guyana -
Moldova -
Burundi -
Benin -
Angola -
Ghana -
Tanzania -
Tunisia -
Kenya -
Armenia -
Trinidad and Tobago -
Haiti -

Uganda -
Gabon -
Zimbabwe -
Turkey -
Lesotho -
Malawi -
Kyrgyz Republic -
Brazil -
Eswatini -
South Africa -
Kazakhstan -
Jordan -
Rwanda -
Nicaragua -
Dominican Republic -
Albania -
Honduras -
Bolivia -
Colombia -
Guatemala -
Peru -
Paraguay -

..
0

10 20 30
Wasted population of children under 5 (Min — Mean — Max) (%)





OEBPS/css/envelope.png





OEBPS/images/12939_2022_1733_Fig2_HTML.png
Under-5 stunting prevalence (%)

Moldova

s
Dominican

. Republic
Gu
Nicara

Legend Ste
3-16
. 17-26
B 27 -37
B 35-48
Esri, I 4o - 68

5,000 Miles
L | 1 1 1 1 1 | I

P ioh-ioh cluster
- High-Low outlier
Low-High outlier
- Low-Low cluster
Loy TR, ) e e Not sgnificant

¥ Getis-Ord Gi*
I cold Spot with 99% Confidence
I Cold Spot with 95% Confidence ™
Cold Spot with 90% Confidence
Not Significant
_ Hot Spot with 90% Confidence
! 5,000 Miles o I Hot Spot with 95% Confidence
L 1 1 1 1 1 1 1 ] I Hot Spot with 99% Confidence






OEBPS/images/12939_2022_1733_Fig3_HTML.png
Country

Congo Democratic Republic -

Burundi -
Madagascar -
Yemen -

Guatemala -
Timor-Leste -
Niger -

Eritrea -

—.—
O
4
©
O
O
©
O
Mozambique - O
Zambia - —_—
O
—_——
00—

Chad -
Central African Republic -
Mauritania -
India - ©
Ethiopia - @
Sierra Leone - O
Rwanda - O
Pakistan - O
O
O
O

Angola -
Malawi -
Nigeria -
Bangladesh -
Nepal -
Uzbekistan - —
Burkina Faso -
Tanzania -
Lesotho - O
Cameroon - O
Cambodia - O
Benin -
Liberia -
Sri Lanka -
Guinea -
Comoros -
Cote d'lvoire -
Sao Tome and Principe -
Myanmar -
Uganda -
Eswatini -
Togo -
South Africa -
Bolivia-
Mali-
Zimbabwe -
Kenya -
Thailand -
Azerbaijan -
Nicaragua -
Gambia -
Congo -
Namibia -
Honduras -
Morocco -
Haiti -
Egypt -
Tunisia -
Turkey -
Ghana -
Paraguay -
Guyana -
Peru -
Kyrgyz Republic -
Tajikistan -
Senegal -
Gabon -
Maldives -
Colombia -
Brazil -
Kazakhstan -
Albania -
Moldova -
Armenia -
Jordan -
Dominican Republic -
Trinidad and Tobago - T T T T
0 20 40 60

Stunted population of children under 5 (Min — Mean — Max) (%)

i





OEBPS/css/sidebar.gif





