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Editorial on the Research Topic
 X-raying Zero Hunger (SDG2) targets in Africa and other regions: progress, synergies, opportunities, and challenges, volume II





1 Introduction

This editorial introduces Volume II of a Research Topic, “X-raying Zero Hunger (SDG2) Target in Africa and Other Regions: Progress, Synergies, Opportunities, and Challenges” following the initial 2024 publication. Volume I, comprised of eight articles and forty-four contributors from fifteen countries, provided a comprehensive assessment of the world's progress toward Sustainable Development Goal 2 (Zero Hunger). The original research explored the advancements, interdependencies between SDG2 and other SDGs, and the specific opportunities and challenges faced by Africa and other regions in attaining Zero Hunger by 2030. Volume II seeks to build upon this foundation, continuing the vital conversations initiated in the first volume to further investigate and address the complexities surrounding global food security.

Hunger is not simply a fleeting crisis confined to specific regions or moments in time; it is rapidly becoming a permanent and a deeply entrenched problem on the lives of millions globally, as presented by António Guterres, the United Nations Secretary General in the 2025 Global Report on Food Crises (1). Driven by the converging forces of conflict, escalating geopolitical tensions and climate change impacts, underlying environmental vulnerabilities, and widespread economic instability, food and nutrition crises are no longer temporary setbacks. Instead, they are defining the life experiences of countless individuals, not just for weeks or months, but for years, and in some cases, for entire lifetimes, perpetuating cycles of deprivation and suffering (1).

The report paints a concerning picture of escalating global hunger, noting that over 295 million individuals experienced acute food insecurity in the past year—a distressing trend that has continued for six consecutive years. Driven by the devastating combination of conflict, socioeconomic shocks, and environmental crises, catastrophic hunger is reaching unprecedented levels in regions spanning from Gaza and Sudan to Yemen and Mali, pushing vulnerable households to the very edge of survival. Displacement, triggered by violence and climate-related disasters, is further exacerbating the crisis, as families are uprooted from their homes and exposed to heightened risks of malnutrition and mortality. Compounding these challenges, increasingly severe climate extremes are wreaking havoc on global food systems, devastating crop yields, and disrupting critical supply chains, further jeopardizing food security for millions worldwide (1–3).

Sustainable Development Goal 2 (SDG 2), also known as Zero Hunger, aims to achieve a world free from hunger by 2030. As one of the 17 SDGs, SDG 2 seeks to motivate member countries to eliminate hunger, ensure food security, improve nutrition, and promote sustainable agriculture (4–7).

According to the 2022 Global Food Security Index (GFSI), seven of the top ten countries with the highest food security scores are in Europe, two are in North America (Canada and the United States), and one (Japan) is in the Asia-Pacific region. In contrast, sub-Saharan Africa faces some of the highest rates of food insecurity globally, with a significant proportion of the population unable to access nutritious diets. The percentage of people experiencing severe food insecurity in Africa increased from 17.2% in 2015 to 24.0% in 2022, exceeding the global rate of 11.8% and surpassing that of any other region (8, 9).

Furthermore, data from the 2025 GRFC revealed that Nigeria (31.8 million), Sudan (25.6 million), and the Democratic Republic of the Congo (also 25.6 million) rank among the top three countries with the highest populations facing severe food insecurity in 2024 (see Figure 1). These three countries collectively account for 42% of the total population in the top ten most affected nations, highlighting that Africa bears the highest burden of global hunger and food insecurity (1).


[image: Bar chart illustrating the top ten countries with high levels of severe food insecurity in 2024. Nigeria leads with 29.0 million people, followed by Sudan and the Democratic Republic of Congo, each with 25.0 million. Bangladesh, Ethiopia, Yemen, Afghanistan, Myanmar, Pakistan, and Syrian Arab Republic follow, with Syrian Arab Republic at 9.2 million. Horizontal bars indicate the number of affected people in millions.]
FIGURE 1
 Top 10 countries with the highest number of population facing severe food insecurity in 2024. Source: Authors' compilation using 2025 GRFC (1).




2 Articles in the Research Topic volume II

This Research Topic volume II presents nine articles that have successfully undergone rigorous peer review, meeting the high standards of Frontiers in Public Health. While these articles explore diverse topics, theoretical perspectives, and methodologies, they are all connected to the overarching themes of this RT volume II.

Gujo and Modiba investigated food insecurity in the South Omo Zone of Southern Ethiopia, focusing on pastoralist and agrarian communities. Despite existing interventions, food insecurity remained a significant issue with limited data specific to the region. The study aimed to determine the prevalence of food insecurity and identified contributing factors. A cross-sectional study was conducted with 597 participants from randomly selected households. The Household Food Insecurity Access Scale (HFIAS) was used for measurement, and data were analyzed using SPSS V25. Binary logistic regression identified factors linked to food insecurity (p < 0.05).

The study found that 42.2% of households experienced food insecurity, with varying severity levels. Key factors impacting food security included female-headed households, high dependency ratios, lack of maternal education, absence of participation in safety net programs, and lack of land ownership. These findings highlight the need for targeted interventions in the South Omo Zone. The study recommends improving female education, advancing agricultural techniques, promoting family planning, and expanding safety net programs to enhance food security and community wellbeing.

Tamir et al.'s study, titled “Spatial heterogeneity and predictors of stunting among under five children in Mozambique: a geographically weighted regression,” examines the spatial variations and predictors of stunting in Mozambican children under five, using Geographically Weighted Regression (GWR) to account for localized relationships. The study included a sample of 3,910 under-five children. Data from the 2011 Mozambique Demographic and Health Survey (DHS) were analyzed, incorporating variables like household wealth, maternal education, sanitation access, and healthcare access. GWR's performance was compared to Ordinary Least Squares (OLS) regression, highlighting the benefits of considering spatial heterogeneity. The analysis pinpointed areas where specific predictors, like maternal education and sanitation, had a stronger influence on stunting.

The findings revealed significant spatial variations in stunting predictors across Mozambique. The impact of maternal education and sanitation access varied geographically, emphasizing the importance of local context in intervention design. The study concludes that geographically targeted interventions, informed by GWR-identified spatial patterns, are more likely to effectively reduce stunting among under-five children in Mozambique.

Adugna et al.'s explores the nutritional wellbeing of 309 school children (6–14 years old) in Addis Ababa, Ethiopia, considering socioeconomic, environmental, and behavioral influences. Acknowledging that poor nutrition impacts development and learning, the research sought to pinpoint key factors to guide effective interventions. The study offers valuable insights into the multifaceted influences on child nutrition within an urban environment. To achieve this, data was gathered on height and weight, household socioeconomic status, environmental conditions like sanitation and water access, and behaviors including diet and physical activity. Statistical analyses determined the prevalence of undernutrition (stunting, underweight, thinness) and identified significant predictive factors.

The results indicated a notable prevalence of suboptimal nutrition among Addis Ababa's school children. Key predictors of undernutrition included low socioeconomic status, inadequate sanitation and clean water, poor dietary diversity, and limited physical activity. The study emphasizes the necessity of comprehensive, multi-sectoral interventions addressing socioeconomic and environmental factors, alongside promoting healthy eating and active lifestyles.

Beni et al. explores quantile regression to pinpoint the key factors driving malnutrition in Gabon, Gambia, Liberia, Mauritania, and Nigeria. Recognizing that these factors may impact children differently depending on their nutritional status, the researchers analyzed influences across the spectrum of malnutrition, rather than just looking at average effects. This provides a more detailed understanding of the complex causes of malnutrition in the region. Data from Demographic and Health Surveys (DHS) in these five countries were analyzed, focusing on under-five children. The study examined socioeconomic, demographic, and health variables as potential drivers of malnutrition, measured by stunting, wasting, and underweight. Quantile regression models estimated the impact of these variables at different points (quantiles) of the malnutrition indicators.

The results showed that the drivers of malnutrition varied significantly across different nutritional status levels. For instance, maternal education and household wealth had a greater impact on improving nutrition for children with the poorest nutritional status compared to those already better nourished. The study emphasizes the need for customized interventions that address the specific needs of children at different levels of malnutrition and concludes that quantile regression is a useful tool for identifying effective, targeted strategies to fight malnutrition in West Africa.

Endawkie et al.'s study investigates disparities in inadequate minimum dietary diversity (MDD) between poor and non-poor children aged 6–23 months in Sub-Saharan Africa. Recognizing that adequate dietary diversity is essential for proper growth and development, the researchers aimed to identify factors contributing to the MDD gap between these groups. They employed multivariate decomposition analysis to assess the influence of various socioeconomic and demographic factors on this disparity. Data from DHS conducted across multiple Sub-Saharan African countries were analyzed, focusing on children aged 6–23 months. Key variables included household wealth, maternal education, access to healthcare, and geographic location. This decomposition method quantified how much these factors explain the observed differences in inadequate MDD between poor and non-poor children.

The findings revealed a significant disparity in inadequate MDD, with poor children disproportionately affected. The analysis identified household wealth, maternal education, and healthcare access as major contributors to this gap. The study underscores the need for targeted interventions addressing these socioeconomic inequalities to improve dietary diversity and nutritional outcomes for all children, especially those from disadvantaged backgrounds.

Gashe et al.'s study titled “Investigating a severe acute malnutrition outbreak in Dubti District, Awsiresu Zone, Afar Region, Northeast Ethiopia (2022)” examines the causes and factors contributing to a severe acute malnutrition (SAM) outbreak in the Dubti District of Northeast Ethiopia. The study investigates the epidemiology of the outbreak, identifies key risk factors, and assesses the affected population's characteristics. By analyzing data collected during the 2022 outbreak, the researchers aimed to understand the underlying drivers such as food insecurity, inadequate healthcare access, poor sanitation, and socio-economic conditions. The findings highlight critical gaps in nutrition and public health interventions in the region, emphasizing the need for targeted strategies to prevent future outbreaks. The study calls for strengthened community-based nutrition programmes, improved healthcare delivery, and multisectoral collaboration to address the root causes of malnutrition in this vulnerable population.

Tebeje et al.'s study, titled “Minimum meal frequency and associated factors among children aged 6–23 months in Sub-Saharan Africa: a multilevel analysis of the demographic and health survey data,” examines the prevalence of minimum meal frequency (MMF) among young children in Sub-Saharan Africa and the factors that influence it. Using data from DHS across multiple countries, the study employs multilevel analysis to explore individual, household, and community-level determinants affecting whether children aged 6–23 months receive the recommended minimum number of meals per day. The findings reveal significant regional variations in MMF and identify key predictors such as maternal education, household wealth, access to healthcare, and rural vs. urban residence. The study emphasizes the need for targeted nutrition interventions and policies addressing these factors to improve feeding practices and ultimately enhance child health and development across Sub-Saharan Africa.

Tareke et al.'s article titled “Identifying high-risk population segments for underweight, overweight, and obesity among reproductive-age women in sub-Saharan Africa” explores the dual burden of malnutrition among 247,911 reproductive-age women aged 15–49 in 33 sub-Saharan African countries. Using DHS data, the study reports that 11% of women are underweight, 18% overweight, and 10% obese. These findings highlight the complex and shifting nature of nutritional challenges in the region. The study identifies underweight as more common among younger, poorer, rural women with limited education or media exposure. Conversely, overweight and obesity are linked to older age, urban residence, and higher socioeconomic status, use of modern contraceptives, higher parity, and lack of breastfeeding. Employment appears to offer protection across all malnutrition categories, suggesting economic empowerment may enhance health outcomes.

The authors recommend targeted public health strategies: addressing undernutrition among younger, rural, and low-income women, and focusing obesity and overweight interventions on older, wealthier, urban populations—particularly in southern and central Africa. The study emphasizes the need for region-specific, socially informed nutrition policies to combat malnutrition's contrasting trends.

The work of Eyasu et al. titled “Impact of crop commercialization on multidimensional poverty in rural Ethiopia: propensity score approach” examines how market-oriented crop production influences rural household wellbeing. Using data from the 2018/19 Ethiopian Socioeconomic Survey, the study analyzed 2,714 rural households across 59 administrative zones. The researchers constructed a Rural Multidimensional Poverty Index (R-MPI) based on five key dimensions: nutrition and health, education, living standards, rural livelihoods, and risk exposure. They employed a generalized linear mixed-effects model and propensity score methods to assess the causal relationship between crop commercialization and multidimensional poverty. Findings reveal that 47.8% of rural households were multidimensionally poor, with the highest deprivation occurring in living standards and nutrition. Spatial disparities were evident, with poverty concentrated in zones like Shebelle, Konso, and regions such as Afar and Somali. Importantly, households engaged in crop commercialization were significantly less likely to experience multidimensional poverty. The odds of being multidimensionally poor were reduced by ~21% among commercializing households compared to their subsistence counterparts.

The study concludes that crop commercialization is a vital pathway to reducing multidimensional poverty in rural Ethiopia. To maximize its benefits, the authors recommend targeted policies that support smallholder market access, infrastructure development, and region-specific interventions. Tackling spatial poverty hotspots is essential for inclusive and sustainable rural development.



3 Conclusion

This Research Topic brings together nine scholarly articles that collectively address a vital and underexplored area in the existing literature: the global fight against hunger, with a dedicated focus on the African continent. These articles provide an in-depth examination of the progress made so far, critically assessing where efforts have succeeded and where significant gaps remain. A central theme running through the Research Topic is the interplay between Sustainable Development Goal 2 (Zero Hunger) and other interconnected SDGs—such as poverty reduction, health, climate action, and sustainable agriculture—underscoring the need for integrated, cross-sectoral strategies. The research further unpacks the specific challenges faced by African nations, including food system vulnerabilities, policy implementation barriers, limited financing, and institutional weaknesses. At the same time, it explores the opportunities presented by innovation, regional cooperation, and targeted social protection programmes. By analyzing the design, execution, and effectiveness of relevant plans and interventions, the articles offer valuable insights into both systemic issues and localized solutions.

Overall, this body of work contributes significantly to understanding the complexity of achieving Zero Hunger by 2030, offering evidence-based recommendations and fresh perspectives that can inform policy, practice, and future research aimed at creating a hunger-free world.
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Background: Despite the implementation of different interventions, food insecurity remains a major public health issue in rural areas of Ethiopia. However, there has been limited evidence regarding food insecurity and responsible factors in rural areas of Ethiopia, particularly in South Omo, Ethiopia. Hence, this study aimed to assess food insecurity and determinants in agrarian and pastoralist communities of South Omo Zone, Southern Ethiopia.
Methods: A cross-sectional study was done among 605 randomly selected households in Benatsemay and South Ari districts from February 1 to 28, 2023. A standardized and validated Household Food Insecurity Access Scale (HFIAS) was used to measure food insecurity status. Data were entered using Epi-Info 7.1 and then transferred to SPSS V25 for analysis. To identify associated factors, a binary logistic regression model was employed. The strength of association was evaluated considering the adjusted odds ratio (AOR) and a 95% confidence interval (CI). A statistical significance was stated at p-value <0.05.
Result: A total of 597 participants were involved in the study with a response rate of 98.7%. The overall prevalence of food insecurity using HFIAS was 42.2% (95%CI: 38.2, 46.3%), among which mild, moderate, and severe food insecurity accounted for 17.4, 16.6, and 8.2%, respectively. Of pastoralists, 114 (47.1%) were food insecure whereas 138 (38.9%) were food insecure in the agrarian. Food insecurity was affected by household head sex (AOR = 1.73, 95%CI: 1.14, 2.62), high dependency ratio (AOR = 2.53, 95%CI: 1.53, 4.20), no formal maternal education (AOR = 2.11, 95%CI: 1.07, 4.18), productive safety net program (AOR = 2.00, 95%CI: 1.16, 3.46) and land ownership (AOR = 1.80, 95% CI: 1.19, 2.72).
Conclusion: Food insecurity was a significant problem in the study areas. Thus, it is crucial to improve female education, advance agricultural technologies, advocate family planning, and broaden productive safety net programs.

Keywords
 food insecurity; determinants; agrarian; pastoralist; Ethiopia


Introduction

Food security is a state in which all people have consistent physical, social as well as economic access to safe, nutritious, and sufficient food that fits their dietary requirements and food choices to live a healthy and active life (1, 2). The fundamental elements of food security include the presence of food items, the financial ability to obtain food, the ease of obtaining food, and the consumption of enough food, which relies on the body’s ability to utilize nutrients effectively, alongside adequate dietary quality and safety of the food consumed (3, 4).

Household food security is confirmed when a household does not experience either chronic, which refers to the inability to consistently meet the minimum food requirements for a healthy life over three or more months, or transitory, which involves the inability to meet these requirements for less than 3 months (5, 6).

Food insecurity continues to be a serious public health issue worldwide, particularly in nations with lower incomes. Progress toward achieving everyone’s access to adequate food has also halted. The prevalence of moderate or severe food insecurity [sustainable development goals (SDG) Indicator 2.1.2] has remained substantially higher than pre-pandemic levels globally, with little improvement in 4 years following the rapid spike from 2019 to 2020 during the pandemic. In 2023, 2.33 billion people (nearly 30% estimated global population) were moderately or severely food insecure (7). Of this, 281.6 million population faced high levels of acute food insecurity (8). From 2020 to 2023, global food insecurity remained stable, but over 65 million people experienced moderate or severe food insecurity due to population growth. Globally, severe food insecurity increased from 9.1% in 2019 to 10.6% in 2020 and has been stable since then. In 2023, 10.7% of the world’s population (over 864 million people), were severely food insecure, putting their health and well-being at risk. Moderate or severe food insecurity was observed in 31.9% of rural areas, compared to 29.9% in peri-urban and 25.5% in urban areas globally (7).

Moderate or severe levels of food insecurity in Africa remained largely unchanged between 2022 and 2023. When compared to other regions of the world in 2023, Africa continues to have the highest proportion of its population enduring food insecurity. In 2023, 58.0% of Africa’s population was moderately or severely food insecure, about twice the global average, with 21.6% experiencing severe food insecurity. In 2023, 64.5% (313 million people) of Eastern Africa’s population was experiencing moderate or severe food insecurity, with 24.2% experiencing severe food insecurity (7).

Globally, Ethiopia faces severe food crises due to ongoing droughts, macroeconomic challenges, and internal conflict, with extreme weather driving livestock deaths and affecting household food and nutrition security, mainly in the pastoral areas of Southern Ethiopia. Between 2021 and 2022, acute food insecurity escalated in Ethiopia, affecting approximately 19.7 million people in 2023 (8). In developing nations like Ethiopia, rural communities face various problems in achieving food security, including multidimensional fluctuations in rainfall and temperature. During 2015/16, many Ethiopians were vulnerable to drought because of food insecurity, but the problem remains persistent in the country, particularly in the pastoralist setting (9, 10).

The 2023 Global Hunger Index (GHI) shows that since 2015 little progress has been made in reducing hunger. The 2023 global GHI score is 18.3, considered moderate (11). The world is still a long way from achieving SDG-2, Zero Hunger. After rising sharply from 2019 to 2021, global hunger has remained nearly constant for three consecutive years, affecting 9.1% of the population (735 million people) in 2023 compared with 7.5% in 2019. Africa has the highest proportion of the people facing hunger. In Africa, about 300 million people (20.4%) may have experienced hunger in 2023, and the number is still rising. By 2030, Africa will account for 53% of the world population suffering from hunger. Eastern Africa is home to over half (138.5 million) of Africa’s hungry people in 2023 (7). According to the 2023 GHI, Ethiopia is facing serious hunger (GHI score of 26.2) (11).

In terms of economic access to nutritious foods, more than one-third of the world’s population, or around 2.8 billion people, cannot afford a healthy diet by 2022. Inequalities are clear, with low-income countries having the highest proportion of the population unable to afford a healthy diet. The lack of advancement in food security and unsteady progress in economic access to healthy food put doubt on the possibility of attaining Zero Hunger globally, 6 years before the 2030 deadline. Moreover, the current lack of clear financing for food security and nutrition is hindering the achievement of SDG Targets 2.1 and 2.2 to end hunger, food insecurity, and malnutrition, but it needs higher and more cost-effective financing to meet the targets (7, 8).

There are regional variations in the extent of food insecurity in Ethiopia. According to a study done in the east Gojjam zone, northern part of Ethiopia, the magnitude of food insecurity was 10.71% (1). On the other hand, a study done in Sodo Town, the magnitude of food insecurity among households was 37.6% (10.8% mildly, 23.2% moderately, and 3.6% severely food insecure) (12). In addition to this, a study done in Borena, Ethiopia showed that the extent of food insecurity was 98.89% (13).

Food insecurity remains a significant public health issue in developing nations such as Ethiopia, especially in pastoralist settings. Ethiopia has been facing challenges in progressing either towards SDG Target 2.1, or Target 2.2 to end hunger, food insecurity, and all forms of malnutrition by 2030. Furthermore, most prior research was conducted in agrarian communities, whereas there is little evidence on determining factors for food insecurity and its determinants in pastoralist settings such as South Omo. As a result, food insecurity arises as a major public health issue in Ethiopia’s rural areas, particularly among pastoralist populations. However, understanding food insecurity and its determinants is highly demanding for evidence-based intervention and attaining SDG targets. Thus, the current study aimed to examine food insecurity and determinants among pastoralist and agrarian communities in Benatsemay and South Ari districts, Ethiopia.



Materials and methods


Study design, period, and setting

A community-based cross-sectional study was employed in both pastoralist and agrarian communities of South Omo Zone, Ethiopia. South Omo zone is found around 500 kilometers (KM) from Hawassa, the capital of the Southern Region, and 750 kilometers from Addis Ababa, the capital of Ethiopia (14). The South Omo Zone comprises 21 urban areas, 214 rural kebeles (the smallest administrative unit), 10 woredas (districts), and one city administration (Jinka town). Of these districts, six are pastoralist (Maale, Hammer, Salamago, Dasenech, Benatsemay, and Gnangatom), while the remaining four are agrarian (South Ari, Woba Ari, North Ari, and Bakadawula woredas).

According to the 2019 estimate of Ethiopia’s Central Statistical Agency (CSA), the population of the Zone was 802,467 (401,394 men and 401,073 women). There were an estimated 178,326 households in the South Omo zone. The usual yearly rainfall in the zone spans from 400 to 1,600 mm (14, 15).

Agriculture is the principal economic activity in the zone and the primary means of livelihood, with most people engaged in subsistence farming for personal use. The key crops cultivated in the study area are maize, sorghum, teff, coffee, vegetables, root crops, pulses, and oilseeds. The communities in the zone are mainly agro-pastoralists, raising livestock such as cattle, goats, sheep, horses, and mules (14, 15). This study was done in Benatsemay and South Ari woredas. The study was carried out from February 1 to 28, 2023.



Population

All households that were found in Benatsemay and the South Ari districts served as the source population whereas randomly selected households in the sampled kebeles of Benatsemay and South Ari districts that meet the eligibility criteria were the study population. Households in the Benatsemay and South Ari districts, with heads who had resided in the study areas for a minimum of 6 months, were included in the study. However, households whose heads were unable to provide data due to serious illness or mental health issues were excluded.



Sample size determination and sampling procedure

The sample size was determined using a single population proportion formula, assuming a confidence level of 95%, margin of error (d) of 5, 50% proportion of food insecurity (16), and 1.5 design effect. After considering a 5% non-response rate, the sample size used for this study was 605.

A multi-stage sampling method was employed to select the study subjects. Districts served as primary sample units, kebeles as secondary sample units, and households as tertiary sampling units. In Ethiopia, kebele is the district’s lowest administrative unit. First, 10 districts in the Zone were classified as pastoralist (N = 6) or agrarian (N = 4) based on their lifestyles. Lottery method was employed to select one district from each category, yielding the South Ari and Benatsemay districts. Then five kebeles from the South Ari Woreda and four kebeles from the Benatsemay district with a total of 9 kebeles were chosen by applying the lottery method. Household numbers for each kebele were determined using proportional allocation, based on the number of eligible households in each kebele. Study participants were chosen through computer-generated simple random sampling of households from the nine selected kebeles. A sampling frame of eligible households was created for each kebele by collecting information from the health post family folder and entering it into SPSS 25.0 software. Subjects were then randomly selected using the SPSS select case procedure (Figure 1).

[image: Flowchart illustrating sampling in South Omo Zone, involving agrarian and pastoralist districts. Agrarian includes South Ari district (23 kebeles), and pastoralist includes Benatsemy (24 kebeles). Lottery method selects specific kebeles, followed by proportional allocation, leading to a computer-generated simple random sample of 605.]

FIGURE 1
 Schematic representation of the sampling procedure for the selection of study participants in South Omo Zone, Southern Ethiopia, 2023.




Study variables

Household food security level was considered as a dependent variable. Socio-demographic and economic factors such as maternal age, family size, sex of household head, age of household head, marital status, household wealth index, food insecurity, mother’s employment status, mother’s educational status, father’s education, dependency ratio, and residence; agriculture-related factors such as land ownership, farmland size and use of agricultural input; and service-related factors such as safety net program, access to credit, and agricultural extension were the independent variables.



Data collection instrument, personnel, and procedure

Data were collected using a structured questionnaire, adapted from the Ethiopian Demographic and Health Survey (EDHS) and other relevant literature, aligning with the study’s objectives. First, the questionnaire was adapted into an English version and subsequently translated into Amharic. It included various types of information, including sociodemographic and economic details, household food insecurity, agricultural, and service-related factors. Nine nurses and one health extension worker from each kebeles were recruited to collect the data, and two masters of public health experts supervised the overall data collection process.


Food insecurity status

It was measured using a standardized and validated Household Food Insecurity Access Scale (HFIAS) instrument developed by FANTA version 3 (17). Nine questions about experiences of food in the household were posed to the mothers within the 30 days before the study. These were categorized into three primary areas of household food insecurity such as (1) insufficient food quality (3 questions), (2) inadequate food consumption and its physical effects (5 questions), and (3) anxiety and uncertainty regarding food access (1 question). The HFIAS tool contains nine “occurrence questions” (see Table 1), which reflect an increasing level of access conditions, and nine “frequency-of-occurrence” questions, which were responded to as a follow-up to each occurrence question to determine how frequently the condition occurred. After receiving yes or no answers to the questions, frequency questions were utilized to determine the four categories of food insecurity prevalence. Accordingly, these questions resulted in the food insecurity of households being classified as either food secure or food insecure. Households experienced none of the food insecurity (access) conditions, or just experienced worry, but rarely were categorized as food secure. Households worry about not having enough food sometimes or often, and/or households are unable to eat preferred foods, and/or households eat a more monotonous diet than desired, and/or some foods are considered undesirable, but only rarely but they did not experience three most severe conditions (running out of food, going to bed hungry, or going a whole day and night without eating) were considered as mildly food insecure. Households sacrifice quality more frequently, by eating a monotonous diet or undesirable foods sometimes or often, and/or have started to cut back on quantity by reducing the size of meals or the number of meals, rarely or sometimes. However, it does not experience any of the three most severe conditions that were considered moderately food insecure. Whereas, any household that experiences one of these three conditions even once in the last 4 weeks (30 days) is considered severely food insecure or has experienced cutting back on meal size or the number of meals often, and/or experiences any of the three most severe conditions (running out of food, going to bed hungry, or going a whole day and night without eating), even as infrequently as rarely were considered as severely food insecure (17). Mildly, moderately or severely food-insecure households were combined and considered as food insecure.



TABLE 1 Distribution of households based on the occurrence of food insecurity in pastoralist and agrarian communities of South Omo Zone, Southern Ethiopia, 2023 (N = 597).
[image: Table depicting survey results on food insecurity among 597 respondents. It lists occurrence questions with columns for "Yes" and "No" responses, including frequency and percentage. Questions cover worries about food, inability to eat preferred foods, eating fewer meals, and going hungry. Most respondents report rarely experiencing these issues.]



Household wealth index

A combined indicator of the household’s overall standard of life. The easy-to-gather data on the ownership of a household’s 26 specific types of assets was utilized to generate the household wealth index (18). A statistical procedure called principal components analysis (PCA) was used to create the wealth index, which ranks individual households on a continuous scale of relative wealth. Each household asset was assigned a factor score derived from PCA. The succeeding asset scores were transformed into a normal distributed standard deviation with a mean of zero and a standard deviation of one. Then, standardized scores were used to generate the cutoff point that defines the household wealth index into tertile (poor, medium, and rich).



Dependency ratio

Measures the number of dependents in the household (those aged zero to 14 and those 65 and older) compared to the working-age population in the households (aged 15–64). It gives insight into the number of people of non-working age in the household, compared with the number of those of working age in the household. It is computed by dividing the number of dependents by the working-age population and then multiplying the result by 100. Then, the results were used to generate the cutoff point that defines the household dependency ratio into tertile (low, medium, and high) (19, 20).




Data quality assurance

A structured questionnaire was initially created in English and subsequently translated into Amharic, the local language. It was then translated back to English by different translators to check for any inconsistencies. Data collectors and supervisors underwent a two-day training. After pretesting the questionnaire on 5% of the sample size in the Bakadawula and Malle districts, necessary adjustments were made. Daily supervision ensured that questionnaires were reviewed each day for completeness as well as consistency.



Data processing and analysis

Data were entered and cleaned on Epi-Info version 7.1 and transferred to SPSS version 25 software for further analysis. Descriptive statistics were computed to describe all variables in the study. Food security was determined using HFIAS occurrence and frequency questions. Food security categories were constructed according to the following criteria set in the HFIAS guideline:

Food secure household: if [(Q1a = 0 or Q1a = 1) and Q2 = 0 and Q3 = 0 and Q4 = 0 and Q5 = 0 and Q6 = 0 and Q7 = 0 and Q8 = 0 and Q9 = 0], the household did not experience any of the food insecurity situations, or only had the experience of worrying about food but rather infrequently.

Mildly food insecure household: if [(Q1a = 2 or Q1a = 3 or Q2a = 1 or Q2a = 2 or Q2a = 3 or Q3a = 1 or Q4a = 1) and Q5 = 0 and Q6 = 0 and Q7 = 0 and Q8 = 0 and Q9 = 0], the household worries about not having food to eat occasionally or frequently, and/or being unable to consume choice foods, and/or having little variety of food, and/or some food referred to as unpalatable only on rare occasions.

Moderately food insecure household: if [(Q3a = 2 or Q3a = 3 or Q4a = 2 or Q4a = 3 or Q5a = 1 or Q5a = 2 or Q6a = 1 or Q6a = 2) and Q7 = 0 and Q8 = 0 and Q9 = 0], the household consumes few varieties or unpalatable foods occasionally or frequently, and/or has begun to reduce the size or number of meals infrequently or occasionally but did not experience any of the three extreme food insecurity situations.

Severely food insecure household: if [Q5a = 3 or Q6a = 3 or Q7a = 1 or Q7a = 2 or Q7a = 3 or Q8a = 1 or Q8a = 2 or Q8a = 3 or Q9a = 1 or Q9a = 2 or Q9a = 3], the household has moved gradually to reducing the quantity of meal or number of meals most frequently, and/or experiencing the three most extreme situations such as “not having any food to eat,” “going to bed without eating any food,” or “going a whole day hungry,” even infrequently.

Households that found mild, moderate, and severe forms of food insecurity were merged as food insecure. The dependent variable was coded with a “1” for food-insecure and a “0” for food-secure households. A binary logistic regression model was used to determine factors linked with food insecurity status. Results of bivariable analysis were presented using crude odds ratio (COR) with its conforming confidence interval (CI) of 95%. Independent variables that showed significant association at p-value <0.25 in bivariable analysis were entered into a model of multivariable logistic regression to determine factors. The enter method was used to fit a multivariable logistic regression model. The adjusted Odds Ratio (AOR) and its corresponding 95% confidence interval (CI) were used to assess the relationships between the independent and dependent variables. A p-value <0.05 was used to declare statistical significance in the final model.

Multicollinearity between independent variables was assessed for all candidate variables by using variance inflation factor (VIF) <10. The highest observed VIF-value in this study is <10, indicating no threat of multicollinearity. Hosmer–Lemeshow goodness-of-fit statistic was used to check model fitness and was satisfied (p-value ≥0.05).




Results


Socio-demographic and economic features of the respondents

A total of 597 respondents were successfully interviewed with a response rate of 98.7%. Over one-third of children’s mothers (36%) had no history of formal education and the majority (48.7%) were housewives. Also, above half (65.3%) were rural dwellings and the majority (33.7%) were under households with poor wealth index (Table 2).



TABLE 2 Socio-demographic and economic profiles of study participants in pastoralist and agrarian communities of South Omo Zone, Southern Ethiopia, 2023 (N = 597).
[image: Table displaying demographic variables including household head sex, age, and educational status; maternal age, education, and occupation; marital status; religion; ethnicity; fathers' education and occupation; family size; dependency ratio; household wealth index; and residence. Each category lists frequencies and percentages. For example, 63.8 percent of household heads are male, and 48.7 percent of maternal occupations are housewives.]



Status of household food security and characteristics related to food insecurity

The HFIAS tool of nine occurrence questions for food insecurity among households in pastoralist and agrarian communities of South Omo Zone is found in Table 1. It showed that 62.0, 65.2, 77.1, and 86.8% of households responded “No” to the occurrence questions 1–4, whereas 84.9, 81.1, 94.8, 94.8, and 97.7% of household responded “NO” for the occurrence questions 5–9. The remaining households responded “Yes” to nine HFIAS occurrence questions. Table 1 indicates a decreasing trend in the households that responded favorably to the nine occurrence questions with a 4-week recall interval. Whereas, the number of households that responded “no” to the questions has steadily increased.

This study revealed that 42.2% (95% CI: 38.2, 46.3%) of the households found in pastoralist and agrarian areas of South Omo Zone were food insecure (Table 3). Among these mild, moderate, and severe food insecurity accounted for 104 (17.4%), 99 (16.6%), and 49 (8.2%), respectively (Figure 2).



TABLE 3 Status of household food security and characteristics related to food insecurity in the pastoralist and agrarian communities of South Omo Zone, Southern Ethiopia, 2023 (N = 597).
[image: A table displaying variables related to household and agricultural metrics with corresponding frequencies and percentages. Categories include family migration for work, land ownership, farmland size, agricultural input and extension service use, need for food aid, use of safety-net services, changes in food consumption, food shortages, and food security status. Example data: 89.4% of households did not have family members migrate for work, 55.8% own land, and 42.2% are food insecure.]

[image: Bar chart titled "Degree of Food Insecurity Status" shows percentages of different food security levels. "Food secure" is at 57.8%, "Mildly Food Insecure" at 17.4%, "Moderately Food Insecure" at 16.6%, and "Severely Food Insecure" at 8.2%. Bars are orange.]

FIGURE 2
 Level of household food insecurity status in South Omo Zone, Southern Ethiopia, 2023.


The prevalence of food insecurity among pastoralists was 114 (47.1%) whereas 138 (38.9%) were food insecure in the agrarian communities in South Omo Zone. Regarding the degree of food insecurity, 55 (22.7%), 32 (13.2%), and 27 (11.2%) were mildly, moderately, and severely food insecure, respectively, in the pastoralist communities. Whereas, 49 (13.8%), 67 (18.8%), and 22 (6.2%) were mildly, moderately, and severely food insecure, respectively, in the agrarian communities (Figure 3).

[image: Bar chart comparing food insecurity levels between pastoralist and agrarian communities in South Omo Zone. Pastoralist: 52.9% food secure, 22.7% mildly insecure, 13.2% moderately insecure, 11.2% severely insecure. Agrarian: 61.1% food secure, 13.8% mildly insecure, 18.8% moderately insecure, 6.2% severely insecure.]

FIGURE 3
 Degree of household food insecurity status among pastoralist and agrarian communities in South Omo Zone, Southern Ethiopia, 2023.




Determinants of food insecurity

During the bivariable logistic regression model, household head sex, marital status, family size, maternal educational status, dependency ratio, household head education, household wealth index, productive safety-net program (PSNP) status, agricultural extension service use, land ownership, and use of agricultural input had significant associations with food insecurity at p-value <0.25. After controlling for confounding variables in the multivariable logistic regression model, household head sex, dependency ratio, maternal educational status, PSNP status, and land ownership were associated with the household’s food insecurity status at p-value<0.05.

Households with a female head were 1.73 times more food insecure as compared to households with a male head (AOR = 1.73, 95%CI: 1.14, 2.62). Households with a high dependency ratio were 2.53 times more likely to experience food insecurity compared to those with a low dependency ratio (AOR = 2.53, 95% CI: 1.53, 4.20). Similarly, medium dependency ratio households were 1.72 times more likely to face food insecurity than a lower dependency ratio household (AOR = 1.71, 95% CI: 1.12, 2.62). Households with mothers lacking formal education were more than twice as likely to experience food insecurity compared to those with mothers who had secondary education or higher (AOR = 2.11, 95% CI: 1.07, 4.18). Also, households with a mother who holds primary education were twice as food insecure as compared to households with mothers with secondary schooling and beyond (AOR = 2.00, 95%CI: 1.10, 3.60). PSNP status influenced household food insecurity; households without PSNP were twice as likely to be food insecure compared to those with PSNP (AOR = 2.00, 95% CI: 1.16, 3.46). Additionally, compared to other households, those without access to farming land had nearly twice as much food insecurity (AOR = 1.80, 95%CI: 1.19, 2.73) (Table 4).



TABLE 4 Bivariable and multivariable logistic regression models predicting the likelihood of household food insecurity in the pastoralist and agrarian communities of South Omo Zone, Southern Ethiopia, 2023 (N = 597).
[image: A table comparing food security status with various variables such as sex of household head, family size, dependency ratio, maternal educational status, educational level of household head, household wealth index, PSNP status, agricultural extension service use, land ownership, and agricultural input use. It includes columns for the number and percentage of food insecure and secure households, COR with 95% confidence interval, P-value, AOR with 95% confidence interval, and P-value. Some values show statistical significance with an asterisk indicating P-value < 0.05.]




Discussion

This study evaluated food insecurity and contributing factors in pastoralist and agrarian communities in the South Omo Zone of Ethiopia. The findings showed that 42.2% of households experienced food insecurity. Key factors linked to food insecurity, after adjusting for all other confounders, included the household head sex, maternal education level, dependency ratio, non-participation in productive safety net programs, and land ownership.

In the current study, 42.2% of households in pastoralist and agrarian communities of South Omo Zone had food insecurity. This finding aligns quite closely with a study carried out in Southern Ethiopia, where 44.8% of households were deemed food insecure (21). Moreover, the results are in line with studies on food insecurity in the Gojjam Zone in northern Ethiopia (43.25%) (1), eastern Ethiopia (41.7%) (22), and Wolaita Sodo (37.6%) (12). This study finding is higher than those from studies conducted in western Oromia (19.6%) (23), Dessie and Combolcha cities, north-central Ethiopia (33.1%) (24), Debre Berhan town, Central Ethiopia (32.4%) (25), and Arba Minch Town (30.2%) (26). Conversely, this study finding is notably lower than studies reported from Northeast Iran (56.79%) (27), Southeastern Iran (58.8%) (28), Maputo city, Mozambique (79%) (29), Sekela District (73.1%) (30), Areka Town (69.6%) (31). The discrepancies could emanate from variations in study settings, time factors, methodology, and differences in socioeconomic conditions or infrastructures. Besides, the majority of other studies focused on urban settings, while our study was conducted in pastoralist and agrarian contexts.

In this study, among food-insecure households, 8.2% faced severe food insecurity. This finding is lower than a survey done in South Ethiopia’s East Badawacho District, where 31.0% indicated severe food insecurity (32). This variance may be attributable to changes in ecological conditions across the study areas. Partly, this discrepancy in the findings might also be due to differences in seasonal variation, sample size, and study settings.

In this study, household head sex is a factor associated with food insecurity. Being in a household led by a female head increased the risk of food insecurity. This finding is reaffirmed by studies reported from Northeast Iran (27), Farta District (33), Sekela District (30), Eastern Ethiopia (22), and West Abaya District, Ethiopia (34). This could be explained because people in the study setting were agrarian and pastoralist and culturally the community primarily depends on cultivating farmland and cattle breeding, which is the main responsibility of males; however, households headed by females hardly cultivate and breed cattle. This could explain why female-headed households had higher levels of food insecurity.

In comparison to households with a low reliance ratio, those with a high or moderate dependency ratio were found to be more food insecure in the current study. This finding aligns with a study from South Ari District, Ethiopia, which found that households with a high dependency ratio were more than twice as likely to face food insecurity than those with a low dependency ratio (21). Similarly, another study done in southwest Ethiopia revealed that households having a high dependency ratio faced a greater proportion of food insecurity compared to their counterparts (35). This is also supported by studies conducted in Southeastern Nigeria (36) and Ethiopia (20). It is evident that when the dependency ratio rises, the family’s working members have an increased responsibility to provide food, which raises the possibility of food insecurity.

Households with mothers without formal education were twice as food insecure than households with mothers with secondary education and above. This finding is reaffirmed by a study in Rwanda, which showed that households with a mother with no formal education had a 4.58 times more chance to experience food insecurity compared to those with mothers who had tertiary education (37). Similarly, research in Brazil also supports this trend, demonstrating that households with mothers with better education face a reduced chance of food insecurity when compared to less educated mothers (38). These findings underscore maternal education’s importance in mitigating household food insecurity, as educated mothers possess greater social and human capital to address these issues.

The presence of PSNP has determined the food insecurity of households; those households without Safety Net Program had a doubled likelihood of food insecurity when compared to those who had the Safety Net Program. Similarly, a study conducted on food insecurity and responsible determinants in South Ari Woreda reported that the odds of food insecurity were two-fold greater among non-users of PSNP than their counterparts (21). Similarly, research on the effect of PSNP on food security in western Ethiopia supports this conclusion, revealing that households not enrolled in the program faced a higher chance of food insecurity compared to those receiving Safety Net Program assistance (39). It is evident that the PSNP, whether through job creation or cash assistance, plays a crucial role in enhancing household food security.

Furthermore, households lacking farming land were twice as food insecure than households with land ownership. This finding is substantiated by a study done in the Oromia zone, Ethiopia, which showed that households owning their land faced reduced odds of food insecurity compared to those without land ownership (40). Similarly, research on food insecurity linked to household characteristics and agricultural practices in Madagascar indicated that households with smaller land holdings are at greater odds of food insecurity than those with larger plots (41). Households that own land have the advantage of retaining all harvests for their consumption without the need to share them with external entities.


Limitations of the study and areas for further research

Despite the strengths, this study has some limitations. Because the study utilized a cross-sectional design, it was impossible to determine relevant temporal relationships. Although probing techniques and associations with known events were used to reduce recall bias during data collection, there may still be some degree of recall bias for past events, such as when asking about food security status from 4 weeks prior. The study was done only in two districts in the South Omo Zone, which might limit the generalizability of the findings to other pastoralist and agrarian areas. Moreover, the study did not consider the effect of seasonal variation on household food insecurity.




Conclusion

This study attested that nearly three in every seven households experienced food insecurity in pastoralist and agrarian communities of South Omo Zone, Southern Ethiopia. Determinants such as being a female household head, high to medium dependency ratio, low maternal education, non-participation in productive safety-net programs, and lack of land ownership were identified as significantly linked with food insecurity. Hence, tailored interventions are required from government bodies, policymakers, and other stakeholders to address the burden of food insecurity. Promoting women’s education, advocating for family planning, upgrading agricultural technology for those with limited land holdings, and increasing the accessibility of safety net programs are highly demanding. Further study using a strong design is required to see the temporal relationship by considering the effect of seasonal variation on household food insecurity. Moreover, further qualitative research is needed to explore factors contributing to household food insecurity.
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Introduction: Ethiopia is a global hotspot for child malnutrition, with an estimated 1.2 million children under five affected by severe acute malnutrition (SAM) in 2022. In response, the country has integrated SAM into its broader disease surveillance system. In January 2022, the Dubti District Health Office in the Afar Region detected an unusual surge in SAM cases through its surveillance system. This study aimed to assess the extent of the outbreak and identify the associated risk factors.
Methods: We conducted an unmatched case–control study involving 258 mother–child dyads from five affected kebeles in the Dubti District of the Afar Region Ethiopia. The descriptive study included all 442 SAM cases from the line list, while 86 cases and 168 controls were selected using a simple random sampling method for the analytic study. The data were entered into EpiData software (version 3.1) and analyzed using SPSS software (version 25.0). Binary logistic regression (LR) analysis was performed to identify risk factors for SAM. Statistically, the results were summarized using an adjusted odds ratio (AOR), 95% confidence intervals (CIs), and a p-value of <0.05.
Results: The median age of the cases was 22 months, with an interquartile range of 12–34 months. A total of 39 deaths were reported, with a case fatality rate (CFR) of 8.82%. The identified SAM risk factors included households with more than five members (AOR = 3.341, 95% CI: 1.475–7.563), more than five under-five children (AOR = 4.442, 95% CI: 2.000–9.866), lack of vaccination (AOR = 3.641, 95% CI: 1.618–8.198), pneumonia (AOR = 5.61, 95% CI: 2.488–12.651), diarrhea (AOR = 4.68, 95% CI: 2.169–10.097), lack of access to sanitation and hygiene (AOR = 3.18, 95% CI: 1.462–6.934), and household food insecurity (AOR = 9.46, 95% CI: 2.095–42.712).
Conclusion: The study revealed a significant outbreak of SAM, with a CFR of 8.82%. The outbreak was associated with factors such as large family sizes, having multiple under-five children, a lack of vaccination, pneumonia, and diarrhea. These findings emphasize the urgent need to safeguard essential child health services, water supply, sanitation and hygiene, and household food security.
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Introduction

Child undernutrition includes various nutritional disorders, such as underweight, wasting, stunting, and micronutrient deficiencies (1). It is a critical issue for child survival and significantly impacts both cognitive and physical development (2, 3). Undernutrition can manifest in acute, chronic, or mixed forms. Severe acute malnutrition (SAM), characterized by severe wasting and recent weight loss, is a severe form of protein-energy deficiency (1, 4).

The causes of malnutrition can be categorized into three types of causes, namely immediate, underlying, and basic (5). Basic causes of malnutrition are rooted in the political, social, and economic environment. Underlying causes include insufficient food access, inadequate maternal and child care, and poor water, sanitation, and hygiene (WASH) conditions. Immediate causes include inadequate dietary intake and acute illnesses (5–7).

Malnutrition contributes to 50% of all child deaths. Malnourished children face an increased risk of hospitalization and contracting infectious diseases, such as diarrhea, acute respiratory infections, measles, and malaria (8).

Globally, in 2022, it was reported that 45 million under-five children were wasted, with only 7.3 million receiving treatment for SAM, and 149 million were stunted (9, 10). According to the United Nations International Children’s Emergency Fund (UNICEF), nearly 40 million under-five children are at risk of SAM, with approximately one child developing SAM every minute in 15 crisis-hit countries, including Afghanistan, Haiti, Yemen, Burkina Faso, Chad, the Democratic Republic of the Congo, Kenya, Madagascar, Mali, Niger, Nigeria, Somalia, South Sudan, Sudan, and Ethiopia (11).

The World Health Organization (WHO) reported that 11 million under-five children were acutely malnourished during 2022, specifically in seven countries of the Greater Horn of Africa, including Djibouti, Somalia, Sudan, South Sudan, Ethiopia, Kenya, and Uganda. The WHO also reported that the SAM rates were 5–24% in Somalia, 2.7% in Sudan, 1.3–6.1% in South Sudan, 2–12.3% in Kenya, 0.9–4.5% in Uganda, and 11.1–14.7% in Djibouti (12).

In Ethiopia, a UNICEF report indicates that approximately 4.7 million under-five children are malnourished, including 1.2 million children with SAM. In addition, 5.5 million children are stunted, with 1.8 million experiencing severe stunting. Undernutrition accounts for 45% of all child deaths in the country (13).

Ethiopia has pledged to end child malnutrition by 2030 through initiatives such as integrating nutritional surveillance into the national Integrated Diseases Surveillance and Response system, incorporating targets into the National Health Sector Transformation Plan, and adopting the United Nations’ Sustainable Development Goal 2 (14, 15). As a result, significant progress has been made in reducing wasting, stunting, and underweight (16). The prevalence rates of stunting, severe wasting, and underweight in the country are 37, 7, and 21%, respectively (17). However, recent conflicts, droughts, and environmental changes have exacerbated nutritional problems, particularly in three conflict-affected regions of Ethiopia: Tigray, Amhara, and Afar (18).

SAM is a weekly reportable condition under public health emergency management (PHEM). In January 2022, the Dubti District Health Office in the Afar Region noted an unusual surge in SAM cases through its routine surveillance system, following the reporting of 17 SAM-related deaths. A multidisciplinary team, comprising field epidemiologists, health officers, PHEM officers, and health information technicians, was subsequently deployed. Data were analyzed, an action threshold level was established, and an outbreak was confirmed, leading to a prompt response.



Materials and methods


Study setting

An unmatched case–control study was conducted in five SAM-affected kebeles (such as Korile, Dembel, Gumtameli, Sekoyta, and Galimeda), which are small administrative units in Dubti District of Afar, Northeastern Ethiopia, from 1 May 2022 to 30 May 2022. This area is located 600 km from Addis Ababa, the capital city of Ethiopia. The district has 13 kebeles and 10,992 households. Based on 2007 census data, the total population of the district for 2022–2023 was estimated to be 49,173. The district is one of the hotspot areas for under-five malnutrition in the region, characterized by recurrent droughts and pastoral communities that rely on livestock production. The prevalence rates of wasting, stunting, and underweight were estimated to be 16.2, 43.1, and 24.8%, respectively (19).



Study population

All under-five children living in the five malnutrition-affected kebeles in Dubti District comprised the study population. Cases were defined as children aged 6–59 months with a weight-for-height score (WFH) of less than −3 standard deviations (SDs), a mid-upper arm circumference (MUAC) of less than 110 mm, or bilateral pitting edema (20). Controls were defined as children of the same age with WFH score greater than −2 SDs and/or MUAC greater than 125 mm (21). Children with congenital anomalies, including Down syndrome, and physical deformities that interfered with the standard anthropometric procedure, as well as those whose mothers or caregivers failed to provide informed consent, were excluded from the study.



Sample size determination

We used all SAM cases identified in the line list for descriptive analysis. For the analytic study, the sample size was calculated using Epi-Info software version 7.1.1.0 based on the following assumptions: power (80%), 95% confidence interval (CI), a case-to-control ratio of 1:2, and findings from a previous study that identified prelacteal feedings as risk factors for SAM (19). Therefore, by considering the percentage of controls exposed (78.6%), the percentage of cases exposed (93.3%), an odds ratio of 3.81, and a 10% non-response rate, the final calculated sample size was 258, comprising 86 cases and 172 controls.

Mathematically, [image: Formula for calculating N:   N equals the fraction, with the numerator being r plus one times the quantity p minus q minus the fraction, with Zβ plus Zα over two as the numerator and two as the denominator, all over the denominator r times the quantity p1 minus p2, plus ten percent.] non-response rate.

where N = sample size, P1 = percentage of cases exposed (93.3%), P2 = percentage of controls exposed (78.6%), the odds ratio (OR) = 3.81, r = ratio of cases to controls (1:2), Zβ = 80%, Zα/2 = 1.96, p− = (P1 + r × P2)/(r + 1), and q− = 1–p−.



Sampling procedure

All five affected kebeles—Korile, Dembel, Gumtameli, Sekoyta, and Galimeda—were purposefully selected for the investigation. To describe the SAM outbreak by person, place, and time, we utilized the entire line list, which included all SAM reports submitted to the Dubti District Health Office during the outbreak period. However, when investigating the factors associated with the SAM outbreak, all SAM cases in the line list were identified and assigned unique identification numbers. SAM-affected children in these kebeles were then selected using a simple random sampling technique from the line list. These children were then traced back to their communities for data collection. Controls—children who did not meet the standard case definition of SAM—were also recruited using a simple random sampling technique from neighbors living in the same residential areas. For every SAM-affected child, two neighbor controls were recruited.



Confirmation of the outbreak

A SAM outbreak occurs when the number of SAM cases exceed the threshold during a normal season in a specific area. The WHO recommends various threshold calculation techniques for weekly reportable diseases, such as the 75th percentile, mean + 2 SDs, cumulative sum, and a constant case count (22). Considering that Dubti District is an area endemic for child undernutrition, we used the mean + 2 SD method, which adds 2 SDs to the average number of reported SAM cases over the past 5 years. Using District Health Information Software, the current data (2021/2022) were compared to the average weekly SAM reports from 2017 to 2021 to determine whether the action threshold was surpassed.



Data collection procedure and measurement

We used a structured questionnaire adapted from the literature (19, 21, 23–27) and conducted a house-to-house survey to collect data from mothers/caregivers through face-to-face interviews, immunization cards, and anthropometric measurements. The child’s age was estimated using an immunization card, a birth certificate, or information recalled by the mothers or caregivers. Dietary diversity was assessed through 24-h food recall of seven WHO-recommended food items.

Dietary diversity was assessed using the dietary diversity score (DDS) based on 24-h food recall, in accordance with the WHO’s minimum dietary diversity recommendations. A child was considered to have a diversified diet if they consumed four or more food items from the following seven WHO-recommended food groups: (1) grains, roots, and tubers; (2) legumes and nuts; (3) dairy products, such as milk, yogurt, and cheese; (4) flesh foods, including meat, fish, poultry, and liver/organ meats; (5) eggs; (6) vitamin A-rich fruits and vegetables; and (7) other fruits and vegetables. A DDS of ≥4 was considered indicative of a diversified diet (26).

Household food security was measured using the Household Food Insecurity Access Scale (HFIAS). The HFIAS consists of two types of related questions: nine occurrence questions that ask about experiences of food insecurity in the past 4 weeks (30 days) and 9 severity questions that inquire about the frequency of these experiences. Furthermore, the HFIAS categorizes household food insecurity into four categories: category one, food security if [(Q1a = 0 or Q1a = 1) and Q2 = 0 and Q3 = 0 and Q4 = 0 and Q5 = 0 and Q6 = 0 and Q7 = 0 and Q8 = 0 and Q9 = 0]; category two, mildly food insecure access if [(Q1a = 2 or Q1a = 3 or Q2a = 1 or Q2a = 2 or Q2a = 3 or Q3a = 1 or Q4a = 1) and Q5 = 0 and Q6 = 0 and Q7 = 0 and Q8 = 0 and Q9 = 0]; category three, moderately food insecure access if [(Q3a = 2 or Q3a = 3 or Q4a = 2 or Q4a = 3 or Q5a = 1 or Q5a = 2 or Q6a = 1 or Q6a = 2) and Q7 = 0 and Q8 = 0 and Q9 = 0]; and category four, severely food insecure access if [Q5a = 3 or Q6a = 3 or Q7a = 1 or Q7a = 2 or Q7a = 3 or Q8a = 1 or Q8a = 2 or Q8a = 3 or Q9a = 1 or Q9a = 2 or Q9a = 3], as described in detail in the HFIAS (24). Households in category 1, with an HFIAS score of 0–1, were considered food secure, whereas those in categories two, three, or four were classified as food insecure (27).

The child’s vaccination status was assessed using an immunization card and information recalled by the mothers. A child who received all of the vaccines recommended for their age was considered fully immunized (28). A child who presented with a cough, fast breathing, and/or danger signs, based on the integrated management of newborn and child illness classification, was diagnosed with pneumonia (29). Furthermore, diarrhea was defined as passing three or more loose or liquid stools per day (30). Five nurses with a Bachelor of Science degree who had experience in under-five nutritional surveys and two supervisors with a master’s degree in Public Health participated in the data collection.



Anthropometric measurement

The control children underwent standardized anthropometric measurements. Briefly, weight was recorded using a calibrated portable scale to the nearest 0.1 kg, with participants wearing light clothing. Height was measured with a calibrated portable stadiometer to the nearest 0.1 cm. The participants stood without shoes, in a Frankfurt position, with their heels, buttocks, shoulders, and heads touching a vertical support. For the children aged 6–23 months, recumbent length was measured. The mid-upper arm circumference (MUAC) was determined by measuring the circumference of the upper arm at its midpoint, with the arm bent at a right angle (20).



Data quality control

We used the English version of the questionnaire, which was translated into the local language, Afarigna, and then back into English. The questionnaire was pretested with 5% of the sample to ensure clarity, completeness, and consistency. Anthropometric indices were measured and interpreted according to the WHO 2006 growth standards (20). The data collectors received 3 days of training on the data collection tool and procedure, as well as on protecting data confidentiality.



Data analysis

The data were entered into EpiData software version 3.1 and analyzed using SPSS software version 25.0. A chi-squared test was conducted to assess differences in the baseline sociodemographic and economic characteristics of the cases and controls. However, when the conditions for the chi-squared test were violated—specifically, when the expected values in at least 80% of the cells were less than five or when any cell had an expected value less than one—Fisher’s exact test was conducted. A binary logistic regression (LR) analysis model was applied to identify risk factors for SAM. Variables with corresponding p-values <0.25 in the bivariable binary LR analysis were further analyzed. Adjusted odds ratios (AORs) with 95% confidence intervals (CIs) were calculated, and a p-value of <0.05 was considered statistically significant. The overall model fit was assessed using the Hosmer–Lemeshow goodness-of-fit test, with a p-value of >0.05. In addition, the data were assessed for collinearity with a variance inflation factor of less than 5.



Ethical consideration

Ethical clearance was obtained from the Afar Public Health Institute, ethical approval number APH015/2022. Informed consent was obtained from all individual participants included in the study. The data confidentiality was assured via the de-identification of personal identifier information and the storage of the file in a secure folder. Children who met the case definition of SAM during control selection were linked to nearby health facilities for nutritional intervention.




Results


Descriptive epidemiology


Description of the SAM cases by person

A total of 442 SAM cases were reported in this outbreak. Of these, 245 (55.4%) were male patients. The median age of the cases was 22 months, with an interquartile range of 12–34 months. A total of 191 (43.2%) children presented with diarrhea, 138 (31.2%) with fever, and 185 (41.9%) with pneumonia.

The incidence of SAM was 284.6 per 1,000 population. The male patients had the highest attack rate (AR; 320/1,000 population), followed by those aged 6–11 months (330/1,000 population). Furthermore, 39 SAM-related deaths were recorded, resulting in a case fatality rate (CFR) of 8.82%. The highest CFR was observed among the female patients (10.6%), followed by those aged 6–11 months (10.5%; Table 1).



TABLE 1 SAM AR and CFR in Dubti District, Awsiresu Zone, Afar region, Northeastern Ethiopia, 2022.
[image: Table showing data of under-five populations categorized by sex and age. Total population is 1,553 with 442 SAM cases and 39 deaths. Males and females differ in numbers of SAM cases and deaths. Age groups 6–11, 12–36, and 37–59 months have varying cases and death rates. Overall CFR is 8.82%.]




Description of the SAM cases by place

A total of 260 (58.9%) cases were reported from Galimeda, followed by Korile with 59 cases (13.3%) and Debel with 45 cases (10.2%). Similarly, the highest AR was observed in Galimeda (350/1,000 population), followed by Korile (309/1,000 population) and Debel (300/1,000 population; Table 2).



TABLE 2 SAM rates by affected Kebeles in Dubti District, Awsiresu Zone, Afar, Northeastern Ethiopia, 2022.
[image: Table comparing different places (Kebeles) regarding health cases. It shows frequency and percent of cases, total under-five population, and attack rate per one thousand population. Korile has fifty-nine cases (13.3 percent), Debel forty-five (10.2 percent), Gumtameli forty-three (9.7 percent), Sekoyta thirty-five (7.9 percent), Galimeda two hundred sixty (58.9 percent). Total under-five populations range from one hundred fifty to seven hundred forty-two, with attack rates ranging from one hundred sixty-six to three hundred fifty per one thousand population.]



Description of the SAM outbreak by time

Using the mean + 2 SDs method, it was found that the threshold level was surpassed from epidemiological week (Epi-week) 45 in 2021 to Epi-week 17 in 2022, confirming the SAM outbreak (Figure 1).

[image: Line graph displaying SAM (Severe Acute Malnutrition) cases over epidemiological weeks 45 to 17. Blue line represents SAM cases, peaking between weeks 2 and 5. Red line with squares shows the mean ± 2 standard deviations, maintaining a relatively steady trend across the weeks.]

FIGURE 1
 Weekly SAM reports and action thresholds in Dubti District, Awsiresu Zone, Afar Region, Northeastern Ethiopia, 2022.


The SAM outbreak began in Epi-week 45 in 2021 and continued through Epi-week 5 in 2022, when it dropped below the action threshold level in Epi-week 17 in 2022. The epidemic curve suggested a continuous common-source type of outbreak (Figure 2).

[image: Bar chart showing Severe Acute Malnutrition (SAM) cases over EPI weeks. The outbreak begins at week 45, intervention starts at week 5, and the outbreak stops at week 17. SAM cases peak around week 5.]

FIGURE 2
 Epidemic curve depicts the onset of SAM in Dubti District, Awsiresu Zone, Afar Region, Northeastern Ethiopia, 2022.




Analytic study


Sociodemographic characteristics

The study had 258 mother–child pairs (86 cases and 172 controls), with 84 cases and 168 controls willing to participate. The response rate was 97.7%. The median ages of the cases and controls were 24 and 26 months, respectively. There was a statistically significant difference in educational level, occupation, family size, and the number of children under 5 years of age between cases and controls at a p-value of <0.005 (Table 3).



TABLE 3 Sociodemographic characteristics of the mothers/caregivers in Dubti District, Awsiresu Zone, Afar Region, Northeast Ethiopia, 2022.
[image: Table comparing cases and controls for various variables, including sex of the child, age of the mothers, marital status, ethnicity, religion, education, occupation, family size, and number of under-five children. Percentages and chi-squared values are provided for each category along with p-values, indicating significance levels. Notable findings include significant differences in education, occupation, family size, and the number of under-five children, with p-values less than 0.05.]



Household food security status

According to the HFIAS, four (4.8%) of the households among the cases and 27 (16.1%)of the households among the controls were food secure, whereas 80 (95.2%) households among the cases and 141 (83.9%) households among the controls were food insecure. Among the food-insecure households in the case group, 37 (44%) were classified as mildly food insecure, 25 (29.8%) as moderately food insecure, and 18 (21.4%) as severely food insecure. Furthermore, 70 (41.7%), 51 (30.3%), and 20 (11.9%) of the food-insecure households in the control group were classified as mildly insecure, moderately insecure, and severely food insecure, respectively (Table 4).



TABLE 4 Household food security status in Dubti District, Awsiresu Zone, Afar Region, Northeast Ethiopia, 2022.
[image: A table compares food insecurity responses between cases (N=84) and controls (N=168) using various questions about household (HH) food experiences. Responses are categorized as "Rarely," "Sometimes," "Often," and "No" for both groups. Key questions include worries about food, inability to eat preferred foods, eating limited foods, and frequency of going hungry. At the bottom, the table summarizes the HFIAS category, showing proportions of food-secure and food-insecure households. Cases predominantly report higher food insecurity compared to controls.]



Child dietary diversity practices

According to the WHO’s minimum dietary diversity recommendation, 32 (38%) of the cases and 92 (54.8%) of the controls met these standards. Grains, roots, and tubers were the most commonly consumed foods, with 546 (4.3%) of the cases and 140 (76.2%) controls consuming them. This was followed by legumes and nuts, with 46 (54.8%) of the cases and 135 (65.5%) of the controls consuming them. Among the severely malnourished children, 20 (23.8%), 26 (31%), and 23 (27.4%) consumed eggs, flesh foods, and vitamin A-rich fruits and vegetables, respectively (Table 5).



TABLE 5 Dietary diversity practices among the children in the Dubti district, Awsiresu Zone, Afar Region, Northeast Ethiopia, 2022.
[image: Table comparing dietary items between cases and controls. Columns show items (grains, legumes, dairy, flesh foods, eggs, vitamin A-rich foods, other fruits), responses (yes/no), and frequency and percent for both cases (N=84) and controls (N=168). Cases have higher rates of dairy and flesh food consumption, while controls show higher grain intake.]




Child feeding practices

Breastfeeding was initiated within 1 h of delivery for 67 (79.8%) of the cases and 138 (82.1%) of the controls. During the first 6 months of life, 55 (65.8%) of the cases and 108 (64.3%) of the controls were fed only breast milk. In addition, 33 (35.7%) of the cases and 111 (66%) of the controls received more than four feeds per day (Table 6).



TABLE 6 Household access to WASH, child feeding practices, and health-related characteristics in Dubti District, Awsiresu Zone, Afar Region, Northeast Ethiopia, 2022.
[image: Table displaying variables with frequency and percentage for cases (N=84) and controls (N=168). Categories include birth order, breastfeeding initiation, prelacteal feeding, colostrum feeding, exclusive breastfeeding, complementary feeding, child feeding frequency, immunization, pneumonia, diarrheal disease, fever, access to drinking water, sanitation, and presence of a latrine, with corresponding data for each.]



Child immunization and medical illness

A total of 19 (22.6%) of the cases and 93(55.4%) of the controls were fully immunized for their age. Furthermore, 60 (71.4%) of the cases and 53 (31.5%) of the controls had diarrhea, while 54 (64.3%) of the cases and 53 (31.5%) of the controls had acquired pneumonia (Table 6).



Household access to WASH

A total of 34 (40.5%) of the households in the case group and 84 (50%) of the households in the control group reported having access to safe drinking water. Similarly, 37 (45%) of the households in the case group and 119 (70.8%) of the households in the control group reported access to sanitation and hygiene (Table 6).



Factors associated with the SAM outbreak

After controlling for potential confounding factors, the children in families with more than five members had 3.34 times greater odds of experiencing SAM compared to the children in smaller families (AOR = 3.34, 95% CI: 1.475−7.563). Similarly, households with more than five under-five children had 4.4 times greater odds of SAM than their counterparts (AOR = 4.44, 95% CI: 2.000−9.866). Compared to the fully vaccinated children, unvaccinated children were 3.6 times more likely to experience SAM (AOR = 3.64, 95% CI: 1.618 ~ 8.198). The children with a history of pneumonia had a 5.6-fold greater risk of experiencing SAM (AOR = 5.61, 95% CI: 2.488−12.651), while those with diarrheal disease had a 4.7-fold greater chance of experiencing SAM (AOR = 4.68, 95% CI: 2.169−10.097; Table 7).



TABLE 7 Factors associated with the SAM outbreak in Dubti District, Awsiresu Zone, Afar Region, Northeast Ethiopia, 2022.
[image: Table comparing variables related to health and lifestyle with their coefficients and p-values using bivariable and multivariable binary logistic regression. Categories include occupation, family size, child immunization, and access to sanitation. Specific values are shown for COR, AOR, and p-values for each variable's analysis.]




Discussion

We aimed to describe the extent of the SAM outbreak and identify risk factors associated with the current outbreak in the Dubti District of the Afar Region. A total of 442 cases and 39 deaths were reported. The AR was the highest among male patients (320/1,000 population), infants aged 6–11 months (330/1,000 population), and residents of Galimeda (350/1,000 population). The outbreak spanned 23 weeks, and the epidemic curve suggested a continuous common-source type of outbreak. A large family size, a high number of under-five children, a lack of vaccination, a lack of access to sanitation and hygiene, acute illnesses such as pneumonia, diarrheal disease, and household food insecurity were the factors associated with this outbreak.

The reported case fatality rate (CFR) for SAM in the current outbreak was 8.82%. The findings are consistent with CFRs reported in studies conducted in Addis Ababa, Ethiopia (10%) (31); at Felege Hiwot Hospital, Bahr Dar, Ethiopia (11.3%) (32); in Nigeria (8.5%) (33); and at St. Mary’s Hospital, Uganda (12.6%) (34). However, the CRF in this study was higher than the observed CFR in studies conducted at Hiwot Fana Specialized Hospital, Ethiopia (2.1%) (35), and in rural Jharkhand and Odisha, eastern India (1.2%) (36). It also exceeds the WHO’s and Ethiopia’s target for SAM management, which reports a CFR of less than 5% (37, 38). Variations in the demographic and underlying clinical characteristics of children, treatment protocols, resource availability, medical supplies, and quality of care may have contributed to the observed differences in CFR rates across various settings. Furthermore, the findings suggest a need to improve the quality of care as there may be gaps in healthcare providers’ adherence to treatment protocols, training, and resource availability.

The children in families with more than five members had 3.34 times greater odds of experiencing SAM compared to the children in smaller families. Similarly, the odds of SAM were 29.4% higher in households with more than five under-five children. These findings are consistent with studies conducted in the Libo Kemekem district, Amhara region (39), Benna Tsemay district, southern Ethiopia (40), and Bangladesh (41). This may be attributed to increased economic strain and the sharing of limited food among family members in households with larger family sizes and more children, which can lead to poor nutritional status.

The odds of SAM were 5.6 times greater among the children who had pneumonia compared to their counterparts. Pneumonia was a common comorbidity among severely malnourished children in a study conducted in Bangladesh (42). This may be attributed to malnutrition weakening the body’s immune system, reducing physical activity, and increasing susceptibility to pneumonia. In addition, insensible dehydration due to rapid breathing or fever, combined with decreased appetite from pneumonia, may have contributed to SAM.

Lack of access to sanitation and hygiene was associated with a 3.2-fold greater odds of SAM. Similarly, children with diarrheal disease had a 3.6-fold greater chance of experiencing SAM. These findings are consistent with studies conducted in the districts of Dermot, Kalafo, and Enebsie Sarmidr in Ethiopia (43–45), as well as Vadodara, India (46). This may be explained by appetite loss, poor digestion, malabsorption, and electrolyte loss due to diarrheal disease, which can result in acute weight loss and malnutrition.

In the present study, the immunization status of the children was associated with the development of SAM. The non-immunized children had a 4.7-fold greater risk of experiencing SAM. This finding aligns with studies conducted in the Benishangul-Gumz (47) and Somali regional states of Ethiopia (48) and Zambia (49). This may be explained by the fact that non-immunized children are more likely to contract pneumonia and diarrheal disease due to missed vaccinations.

Children from food-insecure households were 9.5 times more likely to develop SAM compared to their counterparts. Several studies support the positive association between household food insecurity and SAM. Specifically, household food insecurity was associated with a fourfold increased risk of SAM in studies conducted in Leqa Dulacha District, Oromia region, Ethiopia, and in two districts (Terai and Jhapa) in Nepal (21, 23). In addition, the likelihood of a child developing SAM was 1.8 times greater among food-insecure households in a study conducted in Mao City, Chad (25). This may be attributed to food-insecure households experiencing food shortages, which lead to insufficient dietary intake for children in terms of both quantity and quality, thereby increasing their risk of severe acute malnutrition.



Limitations of the study

The study has some limitations. First, potential recall bias might have affected the reporting of past events. However, we mitigated this by using reference calendars, such as holidays, to assist the mothers/caregivers in their recall. Second, owing to the reciprocal causation relationships between SAM and pneumonia as well as between SAM and diarrhea, a child may have acquired diarrheal disease and pneumonia after developing SAM. However, we addressed this by asking the mothers/caregivers about the temporal sequence of these conditions. Third, recumbent length measurements for young children aged 6–23 months may have been influenced by their inability to lie completely straight, thus potentially affecting the reliability of the results. To mitigate this bias, we strictly adhered to standardized anthropometric procedures and involved two individuals in the measurement process to ensure the maximum validity of the measurements and the reliability of the results. Finally, this study did not examine specific missed vaccines associated with SAM or the potential relationship between family income/wealth index and SAM.


Areas for further research

Future research could delve deeper into the relationship between the family income/wealth index and SAM. In addition, investigating the specific child vaccines that were missed and their potential association with SAM would provide valuable insights for targeted interventions. Finally, future research should aim to conduct longitudinal studies to establish more definitive causal relationships between SAM and pneumonia, as well as SAM and diarrhea. By exploring these areas, researchers can contribute to a more comprehensive understanding of the factors contributing to SAM and develop more effective prevention and treatment strategies.




Conclusion

The AR was the highest among male patients, infants aged 6–11 months, and residents of Galimeda. The epidemic curve suggested a continuous common-source type of outbreak. In this study, the CFR was higher than the WHO’s and Ethiopia’s targets for SAM management. Risk factors for the current outbreak included households with more than five members, more than five under-five children, lack of vaccination, diarrheal disease, pneumonia, limited access to sanitation and hygiene, and household food insecurity. The findings demonstrate the need for multisectoral and multidisciplinary collaboration to improve essential child health services, access to WASH, and household food security through economic empowerment.
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Background: Worldwide, approximately half of all children are not provided the minimum meal frequency (MMF). Sub-Saharan Africa (SSA) had the lowest proportion of children aged 6–23 months who met the requirements of the complementary feeding indicators, including MMF. Ensuring adequate meal frequency poses a challenge in numerous developing countries, particularly in regions characterized by low household food security, such as SSA. Therefore, this study aimed to assess the pooled prevalence of MMF and its associated factors in SSA via the most recent demographic and health survey data.
Methods: A total of 100,526 weighted samples from demographic and health survey datasets of 35 SSA countries were used. A multilevel Poisson regression model with robust variance was applied to identify factors associated with MMF, and the model with the lowest deviance was the best-fitted model. An adjusted prevalence ratio with a 95% confidence interval (CI) was reported, and variables with a p < 0.05 were considered statistically significant.
Results: The pooled prevalence of MMF among children aged 6–23 months in SSA was 38.47% (95% CI: 34.97–41.97), which ranged from 21.41% in Liberia to 63.98% in Madagascar. According to the subgroup analysis, the pooled magnitude of MMF in central, west, east, and southern Africa was 36.42, 35.46, 39.97, and 50.69%, respectively. Marital status, maternal education level, sex of household head, working status, wealth index, media exposure, age of the child, postnatal check-up, breastfeeding status, residence, and SSA regions were significantly associated with minimum meal frequency.
Conclusion: Less than forty percent of infants and young children in SSA receive the minimum recommended meal frequency, which is relatively low. This presents a notable difficulty in efforts to prevent malnutrition and attain sustainable development goals related to health and nutrition on the continent. Therefore, priority should be given to empowering women, promoting breastfeeding and postnatal check-ups, targeting infants who just started complementary feeding, and spreading information through media.
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 minimum meal frequency; Sub-Saharan Africa; DHS; multilevel analysis; children


Introduction

Undernutrition is a contributing cause of child morbidity and mortality worldwide (1, 2). Adequate nutrition is vital for the proper health and development of children (3). The age range of 6–23 months presents a critical window to address childhood malnutrition as it is a period marked by growth faltering and increased nutritional needs that necessitate energy-dense and nutrient-rich foods (4). The nutritional value of food is paramount to the health and wellbeing of families, especially children who need essential nutrients to help them grow, develop, and reach their full physical and cognitive potential (5).

Minimum meal frequency (MMF), one of the complementary feeding indicators, is utilized as a proxy indicator for evaluating a child’s energy requirements and emphasizes the number of times that children of different ages are offered meals other than breast milk and breastfeeding (6, 7). Non-breastfed children should be given four or five meals throughout the day, incorporating both milk feeds and solid or semisolid feeds and allowing for one to two snacks on the basis of their individual preferences (8–10).

Enhancing infant and young child feeding (IYCF) practices is recognized as a critical component in enhancing child survival rates and fostering optimal growth and development (11–13). Inadequate infant and young child feeding practices during the first 2 years of life have detrimental consequences, including irreversible stunting, impaired cognitive development, and a substantial increase in the risk of both chronic and infectious diseases (14).

Ensuring appropriate complementary feeding practices is crucial for enabling the growth and development of children (15). Suboptimal complementary feeding practices in infants and children can increase the likelihood of undernutrition, illness, and mortality (16). The likelihood of malnutrition in infants and young children increases significantly after the age of 6 months (4). Common childhood illnesses such as diarrhea and infections, along with high nutritional requirements beyond breast milk, are crucial for maintaining a child’s normal development (4).

To achieve one of the targets of goal two of the sustainable development goal (SDG), which is ending all forms of malnutrition, complementary feeding practices, including MMF, should be appropriate, as they are the major determinants of malnutrition (17). The presence of nutritional deficiencies in the first 2 years of life can lead to impaired cognitive development, compromised educational outcomes, and reduced economic productivity (18, 19). Children suffering from malnutrition are more prone to illness and endure the lifelong consequences of inadequate nutrition, which may have intergenerational effects (18, 20).

In numerous countries worldwide, fewer than one-fourth of infants aged 6–23 months fulfill the criteria for dietary diversity and feeding frequency, resulting in only a few children being provided nutritionally adequate and diverse foods (21). Worldwide, about half of all children are not provided MMF, and even in the wealthiest households in regions such as West and Central Africa, Eastern and Southern Africa, and South Asia, the proportion of children who consume the recommended minimum meals per day is quite low (22). According to a publication on 49 national surveys from low-and middle-income countries on dietary quality, SSA had the lowest proportion of children aged 6–23 months that met three complementary feeding indicator requirements, including MMF, which was 41% (23). Ensuring adequate meal frequency poses a challenge in numerous developing countries, particularly in regions with low household food security, such as Sub-Saharan Africa.

The first 1,000 days of life are crucial for rapid growth, neurodevelopment, high nutritional needs, heightened sensitivity to programming effects, and increased vulnerability (24). Ensuring children’s nutritional wellbeing and improving their overall health is cost-effective through increasing meal frequency and diversity during the critical window period (25). Regularly meeting MMF can help prevent wasting (acute malnutrition) and reduce the risk of stunting (chronic malnutrition). For example, a study found that the prevalence of stunting was higher in children aged 6–8 months, highlighting the impact of inadequate complementary feeding on child growth (26). MMF, a key risk factor for stunting, is an easily measurable indicator that provides immediate feedback about feeding practices, enabling prompt, actionable responses such as education, behavior change programs, and policy interventions to prevent malnutrition.

In SSA, efforts have been made to decrease undernutrition and enhance IYCF practices. The Accelerating Nutrition Improvements (ANI) scale-up initiative was implemented in partnership with the Ministry of Health and WHO in Ethiopia, Uganda, and Tanzania (27). Interventions involving behavior change strategies significantly improved maternal and child nutrition outcomes by educating caregivers about optimal IYCF practices (28). However, SSA showed a prevalence level below half for MMF, with Western and Central Africa at 39.6% and Eastern and Southern Africa at 45.1% (29). Studies have been conducted on the factors associated with MMF in different countries across SSA (5, 14, 30–32). Nevertheless, these studies had limitations on generalizability to the regional context. The present study sought to address this gap and make a generalizable regional comparison using the most recent demographic and health survey (DHS) data in SSA. This study aims to contribute to the global debate on MMF by providing a detailed analysis of the magnitude and contributing factors. Our study not only identified the key individual and contextual determinants but also offered recommendations for policymakers. By filling the gaps, the study expected to increase understanding of how to improve minimum recommended meal frequency practices, thereby supporting global efforts to reduce malnutrition and promote better health outcomes for children.



Methods


Study design, setting, and period

We used data from the latest standard demographic and health survey in SSA countries carried out since 2010 to obtain up-to-date information. The Demographic and Health Surveys (DHS) are nationally representative household surveys that gather data on a wide range of population, health, and nutrition indicators. These surveys are conducted every 5 years to provide current information and enable comparisons over time. The DHS surveys cover various topics, including child health and nutrition. We utilized DHS data from all available Sub-Saharan African countries to comprehensively understand regional health and make cross-country comparisons (33). In this study, we included a total of 35 countries from the four regions in the SSA: Eastern Africa, Central Africa, Western Africa, and Southern Africa (Table 1) (34). Every survey is carried out at the national level and represents its respective country. This makes it a large-scale study with significant sample sizes. The participants in all these surveys were chosen using a two-stage cluster sampling method (35).



TABLE 1 Sample size determination of MMF and associated factors among children aged 6–23 months in each SSA.
[image: Table displaying minimum meal frequency percentages across African regions. The data is segmented by East, Central, West, and Southern Africa, with countries listed under each. Columns show the percentage of respondents meeting ("Yes") or not meeting ("No") the minimum meal frequency, and a weighted frequency value. For instance, in Kenya, 35.1% meet the frequency, 64.9% do not, with a weighted value of 4,832.]



Population and eligibility criteria

The source population is all children between the ages of 6 and 23 months in the 5 years preceding the survey period, encompassing the 35 SSA countries. The study population included children aged 6–23 months in the selected enumeration areas. For mothers with more than one child, only the youngest child was included. Furthermore, only children who lived with their mothers or caretakers were included. Ultimately, 101,558 children were included (100,526 after weighting). Most of the participants were from Nigeria, with 9,060 children, whereas South Africa had the lowest number of children, with 848 when weighted (Table 1).



Sampling procedure

In total, 43 SSA countries have DHS reports. However, data were unavailable for Cape Verde and Equatorial Guinea. Central Africa Republic, Eswatini, Sao Tome and Principe, and Sudan were excluded as they had no DHS reports after 2010. Botswana and Eritrea were also excluded due to the restriction of data. As a result, 35 SSA countries were included in the study, and the analysis was conducted using the kids’ record (KR) dataset.



Study variables


Outcome variables

The dependent variable was minimum meal frequency (MMF), which is defined as the proportion of breastfed and non-breastfed children aged 6–23 months who receive solid, semisolid, or soft foods (but also including milk feeds for non-breastfed children) the minimum number of times or more (36).

The minimum number of times is defined as follows:

	• 2 times for breastfed infants aged 6–8 months,
	• 3 times for breastfed children aged 9–23 months, and.
	• 4 times for non-breastfed children 6–23 months (8).

If the child achieved the MMF, it was coded as “yes = 1,” whereas if the child did not achieve the MMF, it was coded as “no = 0.”



Explanatory variables

Both individual-and community-level independent variables have been studied. The individual-level factors included were maternal age, head of the household, working status of the mother, educational level of the mother, marital status, wealth index, media exposure, antenatal care follow-up, mode of delivery, birth order, preceding birth interval, sex of the child, multiple births, age of the child, and current breastfeeding status. Media exposure was created through watching TV and listening to radio. The community-level variables included region in SSA, residence, and income level. The income level was categorized as lower income, lower-middle income, or upper-middle income according to the World Bank list of economic classifications (37).




Data processing and analysis

Stata (StataCorp, USA) version 17.0 was used to perform all the statistical analyses. First, each SSA country was given a code and appended together to create a single dataset. Then, both the dependent and independent variables were extracted, cleaned, coded, and analyzed. We used weighted data to ensure the survey’s representativeness.


Model building

By considering the hierarchical nature of DHS data, a multilevel Poisson regression model was fitted to determine the impact of each independent variable on the MMF. DHS was a cross-sectional study, and the prevalence of MMF among children aged 6–23 months in SSA was 38.47%, which was greater than 10%. In this case, reporting the odds ratio from binary logistic regression could overestimate the relationship between the dependent and independent variables. As a result, the prevalence ratio serves as the most appropriate measure of association for this study. We used a multilevel Poisson regression model with robust variance to assess factors associated with MMF (38, 39). In addition, the multilevel robust Poisson regression model surpassed the multilevel log-binomial regression model regarding convergence.

Bi-variable multilevel Poisson regression analysis was conducted to identify variables suitable for inclusion in the multivariable analysis. Variables that had a p < 0.2 in this analysis and those that were deemed significant based on literature were considered potential candidates for the multivariable analysis. Four models were fitted for the multivariable multilevel Poisson regression analysis. The first was the null model, which was fitted to check the variability of the MMF across the cluster, and it contains no independent variables. The second model (Model 2) contains individual-level variables only. The third (Model 3) contains community-level variables. In the last model (Model 4), both individual-and community-level variables were fitted simultaneously with the prevalence of MMF. The above models were compared via the deviance and log-likelihood test, and the model with the highest log-likelihood ratio and the lowest deviance was selected as the best-fit model. In addition, the variance inflation factor (VIF) was used to detect multicollinearity, and all variables had VIF values less than 10, with a mean VIF of 1.72 (Supplementary Table 1).



Parameter estimation method

Fixed effects are measures of association and were used to estimate the relationship between the prevalence of MMF and the independent variables at the individual and community levels. The associations are presented as adjusted prevalence ratios (aPR) and 95% confidence intervals (CI), and variables with a p < 0.05 in the multivariable analysis were considered as significant predictors of MMF among children aged 6–23 months in SSA. The random effects or the measures of variation were estimated by the median odds ratio (MOR) and intraclass correlation coefficient (ICC). The ICC was estimated to assess the clustering effect, and the MOR was estimated to quantify the variation or heterogeneity in the MMF between clusters in terms of the odds ratio scale (40, 41).




Ethics approval and consent to participate

The data were obtained from the Demographic and Health Surveys Program with no personal identifiers and can be freely accessed from the program website.1 As the study was a secondary data analysis of publicly available data from the MEASURE DHS program and there was no interaction between the researcher and the participants, ethical approval and participant consent were not necessary for this particular study.




Results


Background characteristics of the study population

A weighted total of 100,526 children aged 6–23 months 5 years preceding the survey in SSA countries were included in this study. Of these, 41,315 (41.1%) respondents were from the western region of Africa, and 2,931 (2.9%) respondents were from the southern region. The percentage of MMF in the southern region of Africa (49.5%) was greater than that in the other regions. A total of 67,165 (66.8%) respondents were rural residents, and the proportion of MMF was greater among urban children. More than half (58.9%) of the countries have lower income levels, while the upper-middle-income countries have a higher proportion of MMF (Table 2).



TABLE 2 Characteristics of mothers and children by the prevalence of MMF in SSA.
[image: Table showing variables related to minimum meal frequency and weighted frequency percentages. Variables include age, education, working status, marital status, family size, wealth index, media exposure, sex of household head, child’s age, antenatal visits, cesarean delivery, sex of child, plurality, birth order, birth interval and weight, postnatal check-up, breastfeeding, residence, SSA region, and country income level. Values are broken down by "Yes" or "No" to minimum meal frequency.]



Maternal and child characteristics of the study population

The mean age of the mothers was 28 ± 6.8 years, and the average age of the mothers at their first birth was 19.4 ± 3.8 years. Among the mothers, 36,021 (35.8%) had no formal education, yet a larger proportion of MMF was observed among those who had attended secondary education or above. The majority of the mothers (68.8%) were married, 60.4% were not working, and 44,374 (44.2%) were of poor wealth status. The percentage of MMF was slightly greater among married women, working women, and those with rich wealth. Over half of the respondents (59.3%) had media exposure or listened to the radio or watched television. Over three-fourths (79.6%) of the participants’ household heads were males, and the proportion of MMF was greater among them. More than half of the women (57.4%) had four or more antenatal care visits (Table 2).

The children who were studied were 14.1 months old on average, with a standard deviation of ±5.1. More than half (50.7%) of the children aged 6–23 months were males, 35.2% were in the age group of 12–17 months, and 12.6% had a preceding birth interval of less than 2 years. Almost half of the respondents (48.2%) had average birth weights, and only 35% had postnatal check-ups within 2 months. Almost all the children were single births (98.3%) and were not delivered by cesarean section (93.8%) (Table 2).



Pooled prevalence of MMF among children aged 6–23 months

The prevalence of MMF differs across SSA countries. The prevalence of MMF was lowest in Liberia, at 21.41% (95% CI: 13.37–29.45), whereas the highest prevalence was recorded in Madagascar, at 63.98% (95% CI: 54.57–73.39%). The pooled prevalence of MMF among children aged 6–23 months in SSA was 38.47% (95% CI: 34.97–41.97) (Figure 1).

[image: Forest plot illustrating effect sizes with 95% confidence intervals for various countries across Central, West, East, and Southern Africa. Each country is associated with a survey year, effect size, confidence interval, and weight percentage. Diamonds represent subgroup averages. Overall analysis is indicated with a final diamond at the bottom with overall effect size and confidence interval.]

FIGURE 1
 Forest plot of the pooled magnitude of MMF among children aged 6–23 months in SSA.


Subgroup analyses were performed on the basis of the region in SSA and the level of income of the country. The pooled magnitude of MMF intake ranged from 35.46% (95% CI: 30.20, 40.72%) in West Africa to 50.69% (95% CI: 39.88, 61.50%) in South Africa based on subgroup analysis of regions in SSA (Figure 1). Moreover, the pooled magnitude of MMF across SSA country income levels was determined. The pooled estimate of MMF in low-income countries was 39.01% (95% CI: 34.02, 43.99%), that in lower-middle-income countries was 35.64% (95% CI: 30.36, 40.92%), and that across upper-middle-income countries was 47.49% (95% CI: 40.82, 54.16%) (Supplementary Figure 1).



Determinants of MMF among children aged 6–23 months in SSA

Random effect: The ICC and MOR were assessed. The ICC in the null model was 0.186, suggesting a clustering effect. This implies approximately 19% of the variation in MMF among children aged 6–23 months was attributed to cluster differences, whereas the remaining 81% was attributed to individual-level factors. The MOR value of 2.29 in the null model also revealed that the odds of MMF among the study subjects were different between the clusters. If we randomly select children from two different clusters, those from a cluster with a higher MMF would have 2.29 times the odds of having MMF compared with those from a cluster with a lower MMF. Model 4 was chosen as the best-fitted model as it was the model with the lowest deviance (121365.48).

Fixed effect: According to the results of the final model (Model 4), marital status, sex of household head, education level, working status, wealth index, media exposure, age of the child, postnatal check-up, current breastfeeding, residence, and region in SSA were significantly associated with the dependent variable MMF among children aged 6–23 months.

Infants and young children whose mothers are married had 1.07 times (aPR = 1.07; 95% CI: 1.04–1.09) higher prevalence of having MMF compared to those whose mothers are unmarried. Children whose mothers had secondary education and above had 1.15 times (aPR = 1.15; 95% CI: 1.12, 1.18) higher prevalence of having MMF than those whose mothers did not have formal education. The prevalence of MMF among children of female household heads decreased by 5% (aPR = 0.95; 95% CI: 0.93, 0.97) compared to children of male household heads. The prevalence of receiving MMF was 1.10 times higher among children whose mothers were working (aPR = 1.10; 95% CI: 1.08, 1.12), compared to their counterparts. Children from middle and rich households had 7 and 18% higher prevalence of MMF than those from poor households (aPR =1.07; 95% CI: 1.04, 1.09) and (aPR =1.18; 95% CI: 1.15, 1.21), respectively. Compared with children whose mothers had no media exposure, those whose mothers had media exposure had an increased prevalence of receiving MMF by 6% (aPR =1.06; 95% CI; 1.04, 1.08).

Children aged 18 to 23 months had 1.02 times (aPR =1.02; 95% CI: 1.01, 1.05) higher prevalence of receiving MMF than children aged 6 to 11 months. Compared with that of their counterparts, the prevalence of receiving MMF was 16% (aPR =1.16; 95% CI: 1.13, 1.18) higher among children who received postnatal check-ups within 2 months after delivery. Breastfeeding children had 16% (aPR =1.16; 95% CI: 1.13, 1.19) higher prevalence of MMF than non-breastfeeding children. Children who reside in rural areas were found to had a 3% (aPR = 1.03; CI: 1.01, 1.06) increased prevalence of receiving MMF than urban residents. We also found that children from Eastern, Southern, and Western Africa had 1.10 (aPR = 1.10; 95% CI: 1.06, 1.14), 1.38 (aPR = 1.38; 95% CI: 1.31, 1.46), and 1.04 (aPR = 1.04; 95% CI: 1.01, 1.07) times higher prevalence of receiving MMF than children from Central Africa (Table 3).



TABLE 3 Multivariable multilevel binary logistic regression analysis of individual-and community-level factors associated with MMF in SSA.
[image: Statistical table displaying four models analyzing various socio-demographic factors affecting a specific outcome. Factors include age of the mother, educational level, working status, marital status, wealth index, media exposure, sex of household head, child’s age, antenatal care, delivery method, child’s sex, birth order, preceding birth interval, postnatal check-up, breastfeeding status, residence, and region in SSA. Results show adjusted prevalence ratios with confidence intervals across models. Significant results are marked with asterisks. Additional metrics include intra-class correlation and median odds ratio.]




Discussion

This study examines minimum meal frequency and its determinants among children aged 6–23 months in Sub-Saharan African countries. It revealed that the pooled prevalence of MMF in SSA was 38.47% (95% CI: 34.97–41.97). This is consistent with studies from SSA among 32 countries between 2010 and 2016 (41.9%) (42), SSA among 32 countries between 2010 and 2020 (41.2%) (43), and India (41.5%) (44). This finding is lower than those of studies conducted globally (52.2%) (22), in 80 low-and middle-income countries (56.2%) (29), China (75.1%) (45), and Pakistan (84.7%) (46). This discrepancy might be due to the limited access to nutritious food in SSA as it is challenging in terms of food security. In addition, poverty, economic constraints, and conflict in the region make it difficult for families to provide regular meals for their children.

The factors that were significantly linked to MMF were marital status, sex of the household head, education level, working status, wealth index, media exposure, age of the child, postnatal check-up, current breastfeeding, residence, and region in SSA. Children aged 6 to 23 months whose mothers were married were more likely to receive MMF, which is consistent with the findings of a study from Benin (47). This could be attributed to the fact that married mothers usually get support from their spouse, family, or community, resulting in adequate practices regarding feeding their children (48). Compared with children of male household heads, children of female household heads were less likely to receive MMF, which is consistent with the findings from Gambia (31). This might be because if a woman is the head of the household, she will bear the majority of the family’s responsibilities. Consequently, she may need to spend considerable time away from home to fulfill the family’s needs or work. As a result of these factors, along with other underlying circumstances, the chance of her spending time outside the home is high, which may lead to her inability to provide the recommended MMF for her child (31).

Compared with children whose mothers had no formal education, those whose mothers had secondary education and above had an increased prevalence of receiving MMF. This finding is congruent with the findings from previous studies in Ghana (5), Ethiopia (10), SSA (43), Gambia (31), Indonesia (49), and Bangladesh (50). A possible explanation is that uneducated mothers are unable to read health education materials provided while visiting health facilities, whereas educated mothers might read leaflets, magazines, or books, which increases their chance of obtaining nutritional education, as evidenced in a study based in Nepal (51). Furthermore, they are more flexible in their ability to acquire new knowledge and modify their behavior quickly with respect to healthy child feeding practices.

Our findings also revealed that the working status of the mother and the household wealth index are significant determinants of MMF among infants and children in SSA. Children of working mothers and middle or rich households were more likely to receive MMF than children of non-working mothers and poor households, respectively. This finding parallels the postulations of previous studies (30, 31, 49, 50, 52, 53). This could be due to the fact that working mothers have their own income and can provide for their children whether they obtain financial support from their partners or not (5). Compared with poor households, rich and middle households do not have a problem with food availability, as they are food secure, which increases the likelihood of giving food to children (30, 52). Children of mothers who were exposed to media were more likely to receive MMF than those whose mothers had no media exposure, which is supported by previous studies (50, 52, 54). Messages obtained from media are more easily adopted and enhance proper feeding practices as they are considered credible sources of health and nutritional information (55).

In this study, we found that children aged 18–23 months were more likely to receive MMF than those aged 6–11 months. This observation is in accordance with the findings from previous research (5, 30, 31, 49). The possible justification might be that older children have the ability to ask for or obtain food from family members and even from the community and that the discontinuation or decreased frequency of breastfeeding as children grow older increases their chances of eating food. All these factors ensure that they meet the minimum requirement for a daily meal (5, 31). Children who received a postnatal check-up within 2 months after delivery were more likely to receive MMF than children with no postnatal check-up. This finding aligns with the results of previous studies (30, 52, 56, 57). This is because postnatal care clinics deliver information that increases knowledge about appropriate complementary feeding practices as part of the counseling service. Health professionals also advise mothers about the consequences of inappropriate child feeding practices as it can lead to morbidity and mortality (30, 58).

We found a statistically significant association between residence and MMF, in which the prevalence of MMF was higher among rural residents. Children from urban areas have better access to healthcare services, diverse food options, maternal education, and ideal family size. However, urban poverty and inequality made the urban advantage not distributed equally, and individuals living in urban poverty have a compromised right to food (59). The regions in Africa also play a role in determining the minimum meal frequency among infants and young children. Compared with living in the Central Africa region, living in Eastern and Southern Africa regions was associated with increased prevalence of receiving MMF among children. It was also revealed that children who were breastfeeding were more likely to receive MMF than their counterparts. This finding is in line with a previously conducted study (7). This might be because the frequency of meals for breastfeeding children is lower than that for non-breastfeeding children. To meet the requirements for MMF, non-breastfeeding children are advised to consume a minimum of four meals per day, whereas breastfeeding children have at least one fewer meal.


Limitations of the study

This study is not without limitations; that is, owing to the cross-sectional nature of the data, the findings cannot establish a cause-and-effect relationship between minimum meal frequency and the explanatory variables. Furthermore, DHS surveys are based on self-reported information, which is likely to be prone to social desirability bias. Although the data were the most recent of these countries, the use of data from different time periods could have affected the comparability of the results.



Areas for further research

Based on the findings and limitations of our study, there are areas of further research areas which have not been explored well. Examining the inequalities between children who receive the minimum adequate meal frequency and those who do not reveals potential disparities and the factors contributing to these inequalities. In addition, longitudinal studies are recommended to establish a cause-and-effect relationship between the dependent and independent variables and track changes in minimum meal frequency over time. Although factors such as maternal educational status have been examined, the impact of maternal knowledge and attitude regarding infant and young child feeding requires further exploration to better understand how these factors influence meal frequency. Finally, further research is needed to evaluate the impact of existing nutrition policies and programs on improving meal frequency across various countries in Sub-Saharan Africa.




Conclusion and recommendations

The pooled prevalence of minimum meal frequency among children aged 6–23 months in Sub-Saharan Africa was 38.47%, which is low. This poses a significant challenge for preventing malnutrition and achieving health-and nutrition-related SDGs. To improve the MMF, infant and young child feeding policies should be strengthened by monitoring and evaluating these policies. The factors that were significantly associated with MMF were marital status, maternal education, sex of household head, maternal working status, wealth index, media exposure, child age, postnatal check-up, breastfeeding status, and SSA region. The study recommends promoting breastfeeding according to WHO guidelines and postnatal check-ups within 2 months after delivery. Children aged 6–11 months and those from low-income households should also be targeted to encourage feeding with MMF by providing support to families. Women should be empowered in various aspects of life, including social and economic spheres. Enhancing women’s education and financial independence through an increased number of educated, working mothers is crucial for improving the nutritional and health outcomes of both mothers and their children. The collective work of various implementing agencies such as governments, non-governmental organizations, and community groups is essential for the success and sustainability of these initiatives.
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Background: School-aged children (6–14 years old) are susceptible to malnutrition and micronutrient deficiencies. Environmental and behavioral factors greatly influence their nutritional status. This study aimed to examine the association between dietary factors and the nutritional status of school-aged children attending public and private schools in Addis Ababa.
Methods: A community-based cross-sectional study design was employed from March to August 2023. A total of 309 study participants were randomly selected from 10 schools. Data were entered into Epidata version 3.1 and exported to SPSS version 23.0 for analysis. WHO Anthro Plus 1.0.4 was used to assess the measurements of weight-for-age (WAZ), height-for-age (HAZ), and BMI-for-age (BAZ) for overweight, stunting, and underweight, while wasting was assessed using MUAC. A Poisson regression model was used to determine the association between predictor variables and stunting, wasting, underweight, and overweight, with adjusted prevalence ratios (APR). APR and 95% CI were used to identify statistically significant variables.
Results: Findings revealed the prevalence of wasting (15%), stunting (24%), underweight (36%), and overweight (19%) among school-aged children. Factors influencing stunting include marital status, house ownership, education level of parents/caregivers, child sex, and meal skipping. Wasting was linked to wealth index, child age, dietary diversity, dietary habits, water access, and toilet facilities. Underweight predictors include parent/caregiver age, marital status, and meal frequency. Moreover, school type appeared as a significant factor for overweight.
Conclusions: The overall nutritional status of school-aged children is suboptimal, influenced by sociodemographic, environmental, and behavioral factors. Addressing these factors through targeted interventions is crucial, particularly for the most vulnerable groups.
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1 Introduction

Childhood malnutrition remains a pressing global health crisis, particularly in urban low-income settings where complex socioeconomic, environmental, and cultural factors significantly impact dietary habits and contribute to a multifaceted issue affecting millions worldwide (1).

According to the World Health Organization (WHO), malnutrition encompasses deficiencies, excesses, or imbalances in energy and nutrient intake, leading to undernutrition, overweight, overweight and obesity, or micronutrient-related issues (2). Malnutrition affects many people worldwide, with particularly severe consequences in low-income settings (3). In 2023, United Nations International Children's Emergency Fund (UNICEF), World Health Organization (WHO), and the World Bank reported the existence of 148 million stunted, 45 million wasted, and 39 million overweight children around the globe (4). These numbers highlight the urgent need to address malnutrition.

The risk of malnutrition in urban low-income settings increases as there is a high population density, environmental pollution, social marginalization, and violence (5). Also, the abundance of processed, energy-dense foods which lack essential nutrients, contribute to malnutrition problems (6). In urban areas, income, disparities within and between communities highlight the prevalent social and economic inequalities, particularly for the urban poor who dwell in informal settlements or slums (7). The coexistence of both under nutrition and over nutrition shows the complexity of interplay between socioeconomic factors and malnutrition (8). The complex nature of the interaction between malnutrition and socioeconomic factors such as education and income greatly affect women and children. For instance, the households with high level of education and income could have better health knowledge and access to nutritious foods when we compare them to the households with low levels of education and income who could have a high risk of food insecurity and infections (9).

In recent years, Ethiopia has been challenged by a widespread malnutrition crisis which has been exacerbated by conflicts, climate change, and the COVID-19 pandemic. In 2023, it was reported that 31.4 million people required humanitarian aid, including 16.5 million children, with a 19% rise in severely malnourished children (10). School-aged children in Ethiopia experience high rates of stunting, underweight, and wasting compared to the broader African context. Particularly, in Addis Ababa, there were high rates of malnutrition which was a result of a high prevalence of poverty, food insecurity, limited dietary diversity, and susceptibility to diseases (11).

Low-income households are challenged by stunting, wasting, and underweight due to a lack of foods while high-income households are affected by overweight or obesity due to high consumption of processed food (12). As many low-income families cannot afford nutritious foods, they rely on micronutrient-lacking staples, which intensify health risks for (10).

The Ethiopian government, in collaboration with UNICEF and the World Food Programme (WFP), has been attempting to reduce stunting among under-five children by targeting interventions in vulnerable districts (13). Despite their attempt, socioeconomic disparities and the malnutrition issues among the communities in urban poor areas of Addis Ababa persist. This could affect the school-aged children who live in the area too. Therefore, this study aimed to examine the association between dietary factors and nutritional status among school-aged children in urban poor areas of Addis Ababa to provide insights for targeted interventions and policy formulation.



2 Materials and methods


2.1 Study settings and population

The study was conducted in Addis Ababa, the capital city of Ethiopia. It has an estimated total population of 3,945,000, with a high population density of around 5,165 individuals per square kilometer across its 527 km2 (14). Nearly a quarter of Ethiopia's urban population resides in Addis Ababa. The city is administratively divided into 11 sub-cities and 120 districts. The study areas were chosen based on its diversity regarding the socioeconomic landscape of Addis Ababa. Peripheral areas such as Kolfe Keraniyo and Nifas Silk Lafto sub-cities were selected to capture locations characterized by poor infrastructure and housing conditions (15). In addition, inner-city areas, which have modern housing, well-developed road infrastructure, and access to essential amenities, thus catering to high-income individuals, were also included in the study.



2.2 Study design

From March 2023 to August 2023, a community-based cross-sectional study was conducted, targeting a cohort of 309 school-aged children in urban low-income settings in Addis Ababa. The study specifically focused on children aged 6–14 years who were enrolled in elementary school (grades 1–8) across 10 districts in two sub-cities: Kolfe Keraniyo and Nifas Silk Lafto. From Kolfe Keraniyo, five districts were included, with each district (referred to as “Woreda”) containing one school: Woreda 04—Jemo No. 1 Primary School, Woreda 05—Addis Hiwot Academy, Woreda 06—Yemane Birhan Academy, Woreda 07—Betel Academy, and Woreda 09—Tinbite Eremyas. Similarly, from Nifas Silk Lafto, five districts were included, each with one school: Woreda 05—Gofa Primary School, Woreda 08—Sibiste Nagash, Woreda 09—Addis Amba Academy, Woreda 13—Abay Academy, and Woreda 15—Hidase Academy. The students' roster was used to select participants from all grades within the study cohort.



2.3 Inclusion and exclusion criteria

The study included households that met specific criteria. The households that had at least one child between the ages of six and fourteen, who attended school, and living in the two sub-cities, and the parents or caregivers who signed the consent form to confirm their willingness to participate in this study were included.



2.4 Ethics

The study procedures were approved by the Institutional Review Board (IRB) of the College of Natural and Computational Sciences at Addis Ababa University (AAU) (with the code of approval: CNCSDO/515/15/2023). This research protocol adhered to the Ethical Principles for Medical Research Involving Human Subjects as outlined in the Helsinki Declaration amended in Fortaleza, Brazil, in October 2013 (16). All study participants and their guardians were informed to read and sign a voluntary consent form.



2.5 Sampling and sampling procedure

The required sample size was determined using the formula for a single population proportion [image: Sample size formula for a proportion: n equals the square of Z sub alpha over two times p times one minus p, divided by d squared.] (17). The parameters used in the calculation were as follows: a 24% prevalence of underweight among school children in Addis Ababa (18), a Z-score of 1.96 for a 95% confidence level, a margin of error of 0.05, and a non-response rate of 10%.

[image: Equation showing sample size calculation: \( n = \frac{(1.96)^2 \times 0.24(1-0.24)}{(0.05)^2} \). This calculates \( n = 280.3 \) and adjusts for a 10 percent non-response rate, yielding \( n = 308.3 \approx 309 \).]

A multi-stage sampling technique using community-based approaches was employed as the sampling strategy. First, the sample size was distributed proportionally to the two sub-cities. Then, five schools were randomly selected from each sub-city using simple random sampling (SRS). Next, a number of school children were systematically sampled from each school by calculating the sampling interval (K). Then, students from (1–8 grade) were randomly chosen from each private and public school using the students' roster, with two public schools and eight private schools (Figure 1). Finally, 309 households were selected based on children's guidance. To assess dietary intake, one child per household was selected. One child was chosen randomly from a household that had more than one school–aged child.


[image: Flowchart illustrating the sampling process from two sub-cities for school students. It shows calculations for selecting students from Kofle Keranyo and Nifas Silk Lafto sub-cities, detailing the number of students at private and public schools. The chart includes formulas, sampling details, and results, ending with a total sample size of 309 students.]
FIGURE 1
 Flow chart of sample selection in urban low-income settings of Addis Ababa. n, number of sample calculated; kp1, the ratio of number of students at 1 public school to the total number of students at 5 schools; k1, the ratio of students at four private schools to the total number of students at 5 schools; sp & s, the number of sutdents selected from a public school and private schools; kp1, the ratio of number of total primary school students selected at 1 public school to the same total number of students at 1 public school; k1, the ratio of total number of students at four private schools to the total number of students at 5 private schools; sp1 & s1, sample students sleeted from public school and private schools; Kp1, the ratio of students choosen at each grade in public school to the total number of students from (1–8 grade) in 1 school; Sp1, the number of sample students choosen from each grade in the school; Sk & Sn, the final number of students choosen from all 1–8 grade students at both private and public schools from Kolfe Keraniyo and Nifas Silk Lafto sub-cities.




2.6 Data collection procedures

In this study, the data were collected in two rounds. The first-round data collection was carried out during a fasting period when followers of the Orthodox religion refrained from consuming animal- source foods. The second-round data collection was carried out after the fasting period, during which all children consumed all types of food. A structured interviewer-administered questionnaire was used to collect the data. The questionnaire encompassed sociodemographic factors, namely, age, sex, gender, education, income, occupation, marital status, household size, religion, household wealth index derived using factorial analysis from a polychoric correlation matrix using a 0.22 cutoff point, grade level of children, and school type. Additionally, it included the following dietary factors: dietary diversity, meal frequency, meal skipping, awareness of nutrition, dietary habits, and absorption inhibitors. Dietary diversity was calculated from the 24-h recall record and categorized into six groups based on the Ethiopian food-based dietary guidelines. Awareness of nutrition was estimated by transforming the two-knowledge-based questions “Which types of foods are included in organic meats? Do you think they are good sources of dietary iron?” and responses (1) beef, lamb, veal, chicken, fish, (2) none, (3) I don't know; and “Which types of foods do you think are good sources of vitamins?” and the responses (1) sweet potato, pumpkin/squash, carrot, kale, papaya, mango, grape, watermelon, liver, egg, milk, (2) none, and (3) I don't know. Then, we assigned one point for a correct answer and 0 points for the incorrect answer according to the FAO (19). Responses falling under category (1) were seen as signs of “awareness,” making up over 50% of correct responses from the respondents. On the other hand, answers in categories (2) and (3), which were < 50% of correct responses from the respondents, were considered as showing a “lack of awareness.”

Dietary habit was also derived from the questions “Do you consume fruits and vegetables daily?” and “Do you usually keep fruits at home and buy lots of vegetables?” and the responses (1) yes, (2) no. Then, based on the number of correct responses from the respondents, more than 50% of the respondents chose yes (1), which transformed into a good habit, and < 50% of them chose (2) and (3), which transformed into no (0) “poor habit.” Meal frequency was determined based on regular mealtime patterns. Children who consumed meals three and more than three times per day, adhering to the typical meal schedule, were categorized as “three and more than three mealtimes.”

Conversely, those who ate meals less than three times per day were classified as “Less than three mealtimes.” Meal skipping was assessed through the question, “How many meals did you skip yesterday?” with responses categorized as (1) one mealtime skipped or less from the usual three mealtimes, classified as “not skipped,” and (2) two or more mealtimes skipped from the usual three mealtimes, classified as “skipped.” The absorption inhibitor was also calculated after the children were asked a question like “Do you drink coffee or tea daily?” and responses (1) “yes,” (2) “no.” This study used sex as a biological attribute to differentiate male and female and gender as social and cultural norms as per the Sex and Gender Equity in Research (SAGER) guideline (20). This guideline helped researchers to ensure that this study would be inclusive and provide insights into potential sex and gender differences.



2.7 Wealth index determination

In this study, the asset ownership wealth index was used to determine the economic disparity. A common factor score was assigned to each household using the polychoric correlation matrix. This process included variables that ranged from 0 to 1. Only variables with a cutoff point above 0.22 were used to calculate the factor score. The factor scores were then summed up and divided into three groups of socioeconomic status: poor, medium, and rich. Household assets such as electricity, toilet facilities, televisions, radios, beds, tables, bicycles, motorbikes, refrigerators, and the type of floor material were the factors that determined these groups. The wealth index values were derived from the PCA with the highest eigenvalues and then split into three wealth categories: poor, medium, and rich. This index is a relative measure of household economic status (21).



2.8 Dietary diversity assessment

The dietary assessment questionnaire consisted of six food groups: cereals, grains, roots, and tubers; legumes, nuts, and oilseeds; milk and dairy products; meat, fish, and eggs; fruits and vegetables; and fats and oils. These groups, as outlined in the Ethiopian FBDG, were used to assess dietary diversity (22). These groups included cereal, grains, white roots, and tubers; legumes, nuts, and oil seeds; milk and dairy foods, meat, fish, and egg; fruits and vegetables; and fats and oils. To record all food consumption, the 24-h dietary recall method was utilized. Parents/caregivers reported the ingredients and quantities of foods, whether consumed or not, with the aid of photographs for each item to aid in the recall and verification of consumption within the past 24 h. The NutriSurvey software (https://www.nutrisurvey.de/) was employed to calculate the energy and nutrient content based on the 24-h recall protocol (23). Dietary diversity scores (DDS) were calculated from the food groups using a “yes”/“no” response and categorized as high (if four and more than four food groups were consumed) or low (if less than four food groups were consumed), following the Ethiopian FBDG. The adequacy of macronutrient and micronutrient intake was evaluated according to the Dietary Reference Intakes (DRI) set by The Institute of Medicine of The National Academies (24). Reported energy intakes were compared to minimal energy requirements to assess the adequacy.



2.9 Anthropometrics indices

Anthropometric measurements were obtained for all school children at their respective schools. The average weight, height, and Mid-Upper Arm Circumference (MUAC) measurements were recorded for each child. The anthropometric indices, such as weight-for-age (WAZ), BMI-for-age (BAZ), and height-for-age (HAZ) standard Z-scores, were calculated using the WHO Anthro Plus 1.0.4 software (25). However, the software did not calculate the WAZ for children above 10 years old, resulting in missing data in the SPSS analysis. To address this issue, the MUAC measurement was used to classify the children's nutritional status as either wasting or normal, following the Food and Nutrition Technical Assistance (FANTA) guidelines (26). Children were classified as stunted or underweight when their HAZ and BAZ scores were below −2 SD, and as overweight when their BAZ scores were above +2 SD, respectively.



2.10 Statistical analysis methods

Data analyses were conducted using IBM SPSS Statistics version 23 (27). Frequency and percentage were computed for categorical variables. The association between nutritional status and dietary diversity with sociodemographic factors was evaluated separately by a binary logistic regression model in univariate analysis. Following this, adjusted prevalence ratios (APR) in the form of incidence rate ratios (IRR) were estimated using Poisson robust regression in STATA version 16 (28), with a 95% confidence interval (95% CI). A significance level of 5% (p-value < 0.05) was applied. Outliers were checked, and multicollinearity was examined using the variance inflation factor (VIF) with a cut-off set below 5.



2.11 Data quality control

Three data collectors, one of them as a supervisor, were assigned to collect the data. The questionnaire was initially written in English and subsequently translated into the Amharic language. The translation was carried out by a higher institution English language instructor and a native speaker of Amharic. Data collectors were trained for 2 days focusing on interviewing techniques, questionnaire content, and anthropometric measurements. Several steps were taken to minimize bias during this study. Firstly, the data collectors were not informed about the survey's purpose or content. Similarly, the study's hypothesis was kept hidden from the study respondents to ensure unbiased responses. A pre-test of the study tool was conducted using 10% of the sample from outside the study subjects and made the necessary corrections to address spelling errors and grammar problems based on the pre-test data.

To establish a trusting relationship with the participants, they were encouraged to be transparent about the importance of truthful answers. Clear instructions were provided on how to complete surveys or questionnaires and highlighted the significance of accuracy. To minimize reliance on the participants' memories, questions were designed focusing on recent or significant events.

Lastly, we allowed participants to choose the “Don't Know” or “Prefer Not to Answer” options. A multiple 24-h recall questionnaire including photographs of various food groups and equipment was used to minimize recall bias. Multivariate logistic regression for confounders was used to control for confounding. With these measures in place, the reliability and unbiasedness of the research were enhanced. For data cleaning, Epi-data version 3.1 (29) was used to identify and correct errors, inconsistencies, and anomalies in the data.



2.12 Ethical issue

The study was conducted as per the Declaration of Helsinki, and approved by The Institutional Review Board (IRB) of the College of Natural and Computational Sciences of Addis Ababa University (AAU) (code of approval: CNCSDO/515/15/2023, date of approval 20 February 2023).




3 Results


3.1 Sociodemographic characteristics of caregivers/parents and children

In this study, 309 households participated with response rate of 100%. The sociodemographic characteristics of the parents/caregivers are presented in Table 1. The majority of the parents/caregivers were married (67%), had a diploma or higher education (61.2%), and worked in the private sector (35%). The ages of the parents/caregivers ranged from 18 to 65 years old, with an average age of 33.3 years. On average, the parents/caregivers had a family size of five. Compared to high-income and wealthy caregivers, those with lower incomes and poorer parents were more likely to have larger families, lower education levels, and government-subsidized rent.


TABLE 1 Sociodemographic characteristics of caregivers/parents in urban low-income settings of Addis Ababa, Ethiopia, 2023.

[image: Demographic table detailing caregiver characteristics by categories and percentages. Ages: 18-25 (30.4%), 26-35 (33.0%), 36+ (36.6%). Gender: Male (47.2%), Female (52.8%). Family size: 2-4 (46.0%), 5-8 (30.4%), above 8 (23.6%). Marital status: Married (67.0%), Single (17.2%), Divorced (9.4%), Widowed (6.5%). Education: Diploma+ (61.2%), 9-12 grade (20.1%), 1-8 grade (7.4%), literate only (5.8%), illiterate (5.5%). Occupation includes government (23.3%), private (35.0%), farmer (3.6%), merchant (22.0%), housewife (16.2%). Income: Low ≤7,000 (28.5%), Middle 8,000-10,000 (25.2%), High ≥11,000 (46.3%). Religion: Orthodox (45.6%), Muslim (24.3%), Protestant (20.7%), Others (9.4%). Housing: Private owned (52.4%), Rent private (34.0%), Rent government (13.6%). Wealth index: Poor (27.5%), Middle (34.3%), Rich (38.2%).]

The sociodemographic characteristics of the school-aged children in their age group were evenly distributed, with 49.8% falling into the 6–10 years category and 50.2% falling into the 11–14 years category. Similarly, the distribution of school type was almost equal, with 55.7% attending public school and 44.3% attending private school. However, as it can be seen in Table 2, there were more females (57.6%) than males (42.4%).


TABLE 2 Sociodemographic characteristics, nutritional status, and dietary diversity score of children in urban low-income settings of Addis Ababa, Ethiopia, 2023.

[image: A table summarizes characteristics and categories of a sample population, providing numbers and percentages. Key characteristics include age, sex, school type, school grade, meal frequency, dietary diversity, meal skipping, dietary habits, absorption inhibitors, water supply, and toilet access. Nutritional indices such as wasting, stunting, BMI status, and mean values with standard deviations are also presented for height, BMI, MUAC, weight, and height. Percentages denote the proportion of respondents in each category.]

More than half (59.5%) of school-aged children had poor dietary habits, as evidenced by meal skipping (56.6%) and the consumption of an undiversified diet (less than four food groups) (65.7%). The mean (±SD) height-for-age, BMI-for-age, MUAC, weight, and height were recorded as −0.78 (±1.59), −1.03 (±2.08), 194 (±29) mm, 32.1 (±9.7) kg, and 139.8 (±15.3) cm, respectively. Furthermore, the prevalence of wasting, stunting, underweight, and overweight among children was 14.9%, 24.3%, 35.9%, and 18.8%, respectively.

More than half of the children had access to a water supply (60.5%) and consumed absorption inhibitors (53.1%). However, less than half had access to toilet facilities (44%) and only 50.5% ate three or more meals per day.



3.2 Macro and micronutrient intake of school-age children

The average macronutrient intake for school-aged children fell within the following acceptable ranges: 302.7 g of carbohydrates (45%−65% of energy), 69 g of protein (10%−35% of energy), and 36.8 g of fat (20%−35% of energy). The average energy intake was 1,803.8 kcal, which is slightly below the recommended levels. Micronutrient intake raised the following concerns: calcium at 507.2 mg is below the recommended 1,000 mg, iron at 133.6 mg exceeds the recommended value, and vitamin A at 375.4 μg surpasses the recommended value. However, the intake of polyunsaturated fatty acids was 4.2 g, which is below the adequate daily intake (10.5–17.5 g for boys and 9.1–22.3 g for girls) (30, 31). Additionally, potassium was deficient at 2,322.7 mg compared to the recommended 4,700 mg. The average nutrient intake among school-age children is presented in Figure 2.


[image: Bar chart comparing average nutrient intake to daily value recommendations. Nutrients include Sodium, Potassium, Iron, Phosphorus, Energy, Protein, and various vitamins. Sodium exceeds daily value, while others are below or match.]
FIGURE 2
 The average intake of nutrients by school-age children vs. the recommended daily value.




3.3 Macro- and micronutrient intake by school type

There is a statistically significant difference in the macro- and micronutrient intake between private- and public-school students. Public school children had a slightly lower mean energy intake level (1,723.39 Kcal) compared to private school children (1,905.91 Kcal; p < 0.05). Similarly, the mean fat intake (26.67 g), carbohydrate intake (291.45 g), dietary fiber intake (20.56 g), calcium intake (483.37 mg), and iron intake (124.51 mg) were lower than those of the private school children. However, their mean protein intake (70.59 g), and zinc intake (13.28 mg) were slightly higher than those of the private school children (Figure 3).


[image: Bar chart comparing nutrient values in private and public schools. Categories include energy, calcium, carbohydrates, iron, protein, fat, dietary fiber, zinc, and PUFA. Private schools generally have higher values, especially in energy and calcium.]
FIGURE 3
 The distribution of nutrient intake within school type.




3.4 Dietary diversity and nutritional gaps in urban low-income school children

In low-income urban areas within Addis Ababa (in Addis Ababa the population is mixed, some are poor and some are rich), school-aged children exhibited distinct food consumption patterns (Figure 4). Generally, school-aged children's diets were dominated by fats and oils, constituting 79.3% of the diet, which reflects a notable reliance on fat sources. The legumes closely followed (70.2%), providing significant protein and fiber. Fruits and vegetables contributed substantially (66.3%), offering essential vitamins and minerals. Cereals, grains, roots, and tubers (CGTR) constituted 68.3%, highlighting their significance. Milk and dairy foods, meat, fish, and eggs (DMFE) accounted for 52.4%, while nuts and oilseeds represented a lower proportion (11.7%). Emphasizing a balanced approach across food groups is essential for a comprehensive nutrient intake. The nutritional gap appears to be related to the consumption of nuts and oil seeds, with a frequency of only 11.7%. This shows a potential deficiency in essential fatty acids and other nutrients in this food group.


[image: Bar chart showing the percentage of beneficiaries by food group: Fats and Oil (79.3%), Legumes (70.2%), CGTR (68.3%), Fruits and Vegetables (66.3%), DMFE (52.4%), Nuts and Oilseeds (11.7%). Each bar is color-coded corresponding to a legend.]
FIGURE 4
 Percentage distribution of food categories consumed by school children in urban low-income areas of Addis Ababa.




3.5 Nutritional status of school-age children

The mean (±SD) of BMI-for-age, height-for-age, and MUAC of school-aged children were −1.03 (±2.08), −0.78 (±1.59), and 194 (±29), respectively. According to the WHO growth reference for school-aged children, 24% (95% CI: 20.08–28.46) were stunted, 15% (95% CI: 11.65–18.13) were wasted, 36% (95% CI: 31–41) were underweight, and 19% (95% CI: 15–23) were overweight.



3.6 Factors associated with stunting among school-age children

The findings of the adjusted prevalence ratios from Poisson regression, highlighting the variables associated with stunting in school-aged children, are presented in Table 3. The results indicate that children from single-parent households were 2.5 times more likely to experience stunting (APR: 2.5, 95% CI: 1.62, 3.86) compared to those from married households. Additionally, children from divorced households were 2.1 times more likely to be stunted (APR: 2.1, 95% CI: 1.23, 3.54) compared to those with married parents. Renting from private or government sources increased the prevalence of stunting by 2.13 times (APR: 2.13, 95% CI: 1.36, 3.34), and (APR: 2.2, 95% CI: 1.25, 3.76), respectively, compared to private ownership. Lower levels of parental education were strongly associated with increased prevalence of stunting. Children whose parents were able to read and write had 2.7 times higher prevalence of stunting (APR: 2.7, 95% CI: 1.40, 5.11) compared to those with a diploma or higher education. Additionally, female school-aged children had significantly lower prevalence of stunting compared to males (APR: 0.65, 95% CI: 0.0.45, 0.96), while skipping meals increased in the prevalence of stunting 2.03 times (APR: 2.03, 95% CI: 1.33, 3.10). School-aged children whose caregivers lack awareness about nutrition had a 1.5 times higher prevalence of stunting (APR: 1.5, 95% CI: 1.02, 2.16) compared to those whose caregivers or parents are more aware of nutrition.


TABLE 3 A Poisson regression for factors associated with stunting among school-aged children (n = 309) in urban low-income settings of Addis Ababa, Ethiopia, 2023.

[image: Table analyzing predictor variables for stunting (height for age) among children. Variables include marital status, house ownership, parental education level, child gender, meal skipping, and nutrition awareness. It presents counts and percentages in stunted and non-stunted groups, along with adjusted prevalence ratios (APR) and p-values. Statistically significant factors include single and divorced marital status, renting a house, lower education levels, meal skipping, and lack of nutrition awareness, all marked with asterisks.]



3.7 Factors associated with wasting among school-age children

Table 4 outlines the results of the Poisson regression analysis of the factors linked to wasting in school-aged children. Findings indicate that children from affluent households had significantly lower prevalence of wasting compared to those from poor households (APR: 0.88, 95% CI: 0.80, 0.96). Similarly, children aged 11–14 exhibited lower prevalence of wasting than those aged 6–10 (APR: 0.90, 95% CI: 0.82, 0.98). Lower prevalence of wasting was associated with consuming four or more food groups (APR: 0.86, 95% CI: 0.77, 0.95) and having access to a water supply (APR: 0.84, 95% CI: 0.77, 0.92), while higher prevalence of wasting was associated with poor dietary habits (APR: 1.17, 95% CI: 1.06, 1.29) and the presence of absorption inhibitors (APR: 1.15, 95% CI: 1.05, 1.26).


TABLE 4 A Poisson regression analysis for factors associated with wasting among school-aged children (n = 309) in urban low-income settings of Addis Ababa, Ethiopia, 2023.

[image: Table displaying the association between various predictor variables and wasting (MUAC in cm, Z < -2SD). Variables include wealth index, child age, dietary diversity score, dietary habit, absorption inhibitor presence, and water access. The table presents percentages for no and yes categories, adjusted prevalence ratio (APR) with confidence intervals, and p-values indicating significance at 0.05 and 0.01 levels. Significant findings are indicated for middle and rich wealth indices, child DDS, poor dietary habits, presence of absorption inhibitors, and access to water.]



3.8 Factors associated with underweight and overweight among school-age children

Table 5 displays the results of a Poisson regression analysis of factors influencing the prevalence of underweight and overweight in school-aged children, with Adjusted Prevalence Ratios (APR) calculated using Poisson robust regression. Findings indicate that children with parents/caregivers aged 26–35 faced a lower underweight risk (APR: 0.57, 95% CI: 0.39, 0.84) compared to those with older caregivers (36 years and above). Children with divorced parents/caregivers had a lower prevalence of underweight (APR: 0.22, 95% CI: 0.07, 0.65). Less than three meals per day correlated with a higher prevalence of underweight (APR: 1.4, 95% CI: 1.04, 1.88), attending public schools reduced the risk of being overweight (APR: 0.44, 95% CI: 0.27, 0.72).


TABLE 5 A Poisson regression analysis for factors associated with underweight and overweight among school-aged children in urban low-income settings of Addis Ababa, Ethiopia, 2023.

[image: Table showing associations between various variables and nutritional status, categorized as underweight (Z < -2SD) and overweight (Z > 2SD). Variables include caregivers' age, marital status, meal frequency, and school type. It presents the number and percentage for each category, along with adjusted prevalence ratios (APR) and p-values, where significant differences are marked. Notes specify standard deviations and reference categories.]




4 Discussion

The finding, in this study, indicates acceptable macronutrient intake among school- aged children, with a notable reliance on fats and oils, and legumes as the second most consumed food group; however, there is lower consumption of micronutrients, which underscores the importance of achieving a balanced nutrient intake across various food groups. Consumption of diets lower in micronutrients by school-aged children could have an impact on their physical and cognitive development in their later age (32).

The finding, in this study, also reveals nutrient imbalances when compared to recommended values. Low intake of energy, calcium, polyunsaturated fatty acids, and potassium may contribute to stunted growth, weakened bones, and an increased risk of cardiovascular issues (33). Conversely, excessive intake of iron and vitamin A, exceeding recommended levels, could lead to toxicity and other health complications (34).

With regard to stunting, school-aged children in Addis Ababa were found to have stunting with the rate of 24.3%. This signifies that there is still a significant proportion of children in the city who are experiencing growth faltering. In line with this, studies have shown that stunting in school- aged children has a significant impact on their physical growth, cognitive development, and academic performance (35). This study finding shows consistency with a study from Jimma (36) however, this is quite lower than estimates from several other regions in Ethiopia including Arba Minch city (41.9%) (37), Gondar town (46.1%) (38), and Humbo District (57%) (39). On the other hand, it is higher than estimates from Bahir Dar City (15.13%) (36). This variation is likely due to differences in study settings, methods, sample sizes, socioeconomic factors, dietary practices, environmental conditions, and healthcare services among the diverse communities. Therefore, it is imperative to prioritize interventions and strategies aimed at addressing stunting to ensure the healthy growth and development of children in Addis Ababa.

In this study, significant factors associated with stunting in school-age children were identified. It was found that the marital status of parents/caregivers and house ownership were significant factors for stunting. It was also found that school-aged children whose parents/caregivers are single were more likely to experience stunted growth. This indicates that single parents/caregivers faced challenges in providing adequate nutrition and psychosocial stimulation. A previous study support this finding that single parents/caregivers often experience higher levels of stress and have less time and resources available to devote to their children compared to two-parent households (40).

The results indicate that school-aged children living in rented houses have a higher prevalence of stunting compared to those residing in privately owned homes. This finding suggests a potential link between housing stability and nutritional status. Additionally, it was noted that children in rented or government-owned houses often have limited access to essential water, sanitation, and hygiene facilities. In this regard, other studies confirmed that a lack of basic infrastructure in households leads to increased rates of waterborne diseases and poor hygiene practices (41). This could increase the risk of infections and malnutrition (42).

The educational level of the parents/caregivers was also found to be significant, with lower levels of education being associated with higher prevalence of stunting. With this perspective, the current study is consistent with similar research about the educational level of parents/caregivers and stunting in Ethiopia and Indonesia (43). Moreover, according to a WHO report from 2018, mothers with a lower level of education are more likely to have stunted children (44). Therefore, as it can be seen in the finding of this study, the education level of the parents can be considered as a factor for the prevalence of stunting among school-aged children, and this requires effective interventions aimed at improving parental education and awareness about nutrition and the importance of a balanced diet.

Concerning the school-aged children sex and stunting, the finding confirmed a significant association between school-aged children sex and stunting, with female children being less likely to suffer from stunting than male children. In addition, other researchers also confirmed that childhood stunting is consistently associated with male sex (45, 46); however, studies which were conducted in China and Pakistan showed different results; for instance, female children compared to male children were more likely to be stunted (47, 48). In this regard, stunted growth in male children can have long-term economic consequences for a country. Stunted children are more likely to experience developmental delays, cognitive impairment, and reduced physical capabilities, which can impact their productivity as adults (49). Therefore, investing in improving childhood nutrition is not only crucial for the wellbeing of individuals but also for the overall economic growth and development of a nation.

In this study, it was found that school-aged children who skipped meals were more likely to experience stunted growth. A study conducted in Egypt provides evidence that irregular meal times, skipping breakfast, and consuming fewer than three meals per day were correlated with stunted growth (50). Thus, this finding emphasizes the importance of regular and sufficient meals in preventing undernutrition and promoting healthy development in children. Therefore, efforts should be made at all levels to address the issue of chronic undernutrition in children, including providing access to nutritious food and promoting the importance of adequate meal times to ensure proper growth and development.

In this study, it was found that caregivers' nutritional knowledge had shown an impact on the risk of stunting in school-aged children. School-aged children whose parents/caregivers did not have awareness about nutrition had a higher risk of stunting. This indicates the importance of educating caregivers about nutrition and its impact on children's growth and development. In this regard, a study conducted in Tanzania emphasized the importance of nutrition education in influencing food quality and diversity in children (51). Therefore, it can be said that nutrition education programs should be implemented in communities and schools to raise awareness about proper nutrition and improve food quality and diversities among the community.

Regarding wasting among school-aged children, there was a prevalence rate of 15%. More than half of school-aged children in this study skipped over two mealtimes and this may contribute to the prevalence of wasting. In line with this, other research suggested that wasting could be a consequence of insufficient food intake (52). Compared to other studies, the result of this study is lower than the study conducted in the Gedeo Zone, South Ethiopia, which found a prevalence of 18.2%; however, higher than that of Gondar Town, northwest Ethiopia, with a prevalence of 9%−11% (53). Thus, it can be seen in the finding, there are a significant proportion of children who are undernourished and this may hinder children's growth and development, both physically and cognitively.

The other important findings in this study were factors linked to wasting in school-aged children. There was a statistically significant association between the wealth index (WI) and wasting among school-aged children. In line with this, the study conducted in other areas showed that household wealth index was significantly associated with wasting (54, 55). Families with lower economic status may struggle to afford an adequate diet, access healthcare services, or provide a hygienic living environment, all of which can contribute to a higher risk of malnutrition, including wasting, among children (56). Hence, addressing the underlying socioeconomic determinants of malnutrition, such as poverty alleviation, improving access to education, healthcare, and social safety nets, is essential to effectively combat wasting and other forms of malnutrition among school-aged children.

Furthermore, the prevalence of wasting was significantly lower for school-aged children aged 11–14 years compared to those aged 6–10 years. Concerning this, studies conducted in Gondar town, northwestern Ethiopia (35), and Gedeo Zone in South Ethiopia (51) showed the same result. Children between 11 and 14 years old are typically going through adolescence, a period of rapid growth and development (57). This phase requires higher nutritional intake compared to younger children. However, challenges such as inadequate diet, social pressures, and resource constraints can result in malnutrition, including wasting, and it will have profound consequences on an individual's health in later life, as well as the health of any potential children (58). From this, it can be suggested that focused interventions are needed to address the distinct nutritional requirements and challenges of this age group, which may involve educating them about healthy eating habits, ensuring access to nutritious foods, and tackling social and economic factors contributing to malnutrition.

Regarding the food groups that children consume, the finding shows that the school-aged children who consumed four or more food groups had lower prevalence of wasting. This finding is also supported by a similar study conducted in the Semien Bench district in Ethiopia (59). The implication of children who consumed more than four groups of foods associated with lower odds of wasting suggests a potential protective effect of dietary diversity against malnutrition, particularly wasting (60). Therefore, children who consume a diverse range of foods may have better access to essential nutrients necessary for growth, potentially reducing the risk of wasting. This finding highlights the importance of promoting dietary diversity and ensuring access to a wide range of nutritious foods to combat malnutrition among children.

The study also identified a significant link between dietary habits and wasting, which is supported by previous studies conducted in Tabriz, Iran (61), and the Abuja Municipal Area Council (62). Poor dietary habits, such as consuming a diet high in processed foods, sugar, and unhealthy fats while lacking essential nutrients like vitamins, minerals, and protein, can lead to malnutrition and wasting, compromising overall health and wellbeing (63). Thus, addressing this issue requires interventions focused on improving access to essential nutrients from vegetables and fruits, promoting education on healthy eating habits.

The other important factor identified in this study is that school-aged children who did not consume any absorption inhibitors (AI = No) had a 15% lower prevalence of wasting compared to those who consumed an absorption inhibitor (AI = Yes). This finding is consistent with that of a previous study conducted in Gondar town, northwest Ethiopia (35). Absorption inhibitors being associated with wasting suggests that factors interfering with the body's ability to absorb nutrients contribute to the development of wasting. Inhibitors such as phytates in tea and coffee can bind to minerals like iron and zinc, making them less available for absorption (64). Thus, addressing absorption inhibitors may involve improving dietary quality, or enhancing nutrient bioavailability through food processing or supplementation.

Furthermore, access to water supplies was associated with significantly lower prevalence of wasting, which is in agreement with studies conducted in rural Ethiopia (65) and Bangladesh. This finding highlights the multifaceted impacts of socioeconomic factors, dietary practices, and access to basic amenities on the prevalence of wasting among school-aged children. Access to clean water supplies and proper toilet facilities is essential for maintaining good hygiene practices, preventing waterborne diseases, and ensuring overall health and wellbeing (66). Hence, improving access to clean water supplies and sanitation facilities is critical for reducing the incidence of wasting and improving the nutritional status of populations.

The study found that 36% of school-aged children were underweight. This prevalence of underweight was higher than that reported in a previous study elsewhere in Ethiopia (41), but lower than that reported in studies from Gondar Zuria District (67) and Central India (68). This might be differences in study design, sample size, sampling methodology, data collection strategy, data quality, sociodemographic traits, food habits, degree of physical activity, and environmental factors can contribute to these discrepancies (69). Thus, addressing underweight prevalence often requires comprehensive interventions aimed at improving access to nutritious food, promoting healthy eating habits, enhancing healthcare services, addressing socioeconomic determinants of malnutrition, and implementing policies that support food security and nutritional wellbeing.

In this study, positive correlations between parental age and the risk of underweight among school aged children were identified. This finding is also consistent with a study conducted in Terengganu, Malaysia (70). In addition, children born to younger mothers had a lower likelihood of underweight. This might be due to the fact that younger mothers may be more likely to engage in healthier behaviors during pregnancy, such as eating a balanced diet and getting regular prenatal care. These factors contribute to better fetal growth and development (71). Hence, this finding highlights the importance of considering maternal characteristics, including age, in efforts to understand and address childhood undernutrition.

Moreover, the finding showed that children who had less than three mealtimes per day were more likely to be underweight. This highlights the significance of having regular and sufficient meals to prevent undernutrition. Among this sample, dietary changes are required to ensure that children follow a well-balanced diet for optimum health and development. This finding is further supported by research conducted in Bangladesh (72).

With regard to overweight, it was found that 19% of school-aged children were overweight, which implies most children in the study area are at risk of developing health complications related to excess weight. This finding is consistent with a study conducted in Kenya (73). However, it was higher than those of a previous study in Ethiopia reported by Kyallo et al. (74) and other developing countries, and Southern Nigeria (75). On the other hand, the finding was lower than the prevalence observed in Argentina (76) and Bangladesh (77). These differences could be attributed to variations in the methods of measuring and defining overweight, sample size and characteristics, socioeconomic and environmental factors, dietary and physical activity patterns, and genetic and biological factors among different populations (78).

The study also found a significant association between school type and being overweight among school-age children. Those attending public schools had a 56% lower chance of being overweight compared to their counterparts in private schools. This finding coincides with previous studies conducted in Dire Dawa in Eastern Ethiopia (79), Tanzania (74), and Kerman province, Iran (80). However, it was inconsistent with a study conducted in Spain (81), which showed that children from public schools were more likely to have excess weight than those from private schools. This discrepancy could be explained by different government funding for school feeding programs in high-income nations such as Spain and low-income nations such as Ethiopia.



5 Limitations of the study

This study had several limitations that should be acknowledged. These limitations include its cross-sectional design, reliance on self-reported data, and limited generalizability. However, despite these limitations, the study still provides valuable information for policymakers, healthcare professionals, and researchers. It reveals the factors that influence the nutritional status of school-age children and also offers recommendations for comprehensive, context-specific interventions.



6 Conclusions

Generally, there are high levels of both undernutrition and overnutrition among school-age children in urban low-income settings in Addis Ababa. The adjusted analysis identified key factors that influence stunting, wasting, underweight, and overweight, including parents' marital status, house ownership, education, child's gender, meal habits, and nutrition knowledge.

Interventions should target socioeconomic factors, parental education, and dietary practices. This study emphasizes the need for coordinated efforts by the government, scholars, and communities to address the complex nature of malnutrition. Furthermore, it suggests comprehensive nutrition education programs to empower parents and caregivers with the essential knowledge to provide adequate nutrition and psychosocial stimulation to their children, thereby mitigating the risk of stunting. Moreover, it recommends interventions aimed at improving housing conditions, particularly for families residing in rented or government-owned accommodations, which are crucial in enhancing access to water, sanitation, and hygiene facilities and can significantly reduce the susceptibility to infections and malnutrition among school-aged children.



7 Areas for further research

Our study's conclusions point to a number of areas that need more investigation to improve our knowledge of Addis Ababa's school-age population's nutritional status.

	• Investigate how cultural beliefs and practices influence dietary choices and nutritional status among school-aged children, emphasizing the integration of these cultural dimensions into intervention programs.
	• Assessing the availability and impact of community resources, such as food banks and nutrition centers, on the nutritional status of children in urban low-income settings.
	• Evaluating the effectiveness of school feeding programs on improving the nutritional status of children in public vs. private schools could inform strategies for optimizing these programs for better outcomes.
	• Conducting food environment assessments to evaluate the availability and accessibility of nutritious foods vs. processed foods would further illuminate how these factors influence dietary choices.
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Spatial heterogeneity and predictors of stunting among under five children in Mozambique: a geographically weighted regression
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Introduction: Childhood stunting, a major public health concern in many developing countries, is associated with impaired physical and cognitive development, increased risk of infectious diseases, and long-term adverse health and economic consequences. Mozambique is among the countries with the highest stunting rates in sub-Saharan Africa. This study aims to examine the spatial variation and identify the predictors of stunting among children under the age of five years in Mozambique.
Methods: We utilized children’s recode data and geographic coordinates extracted from the 2022–23 Mozambique Demographic and Health Survey dataset. A stratified two-stage cluster sampling approach was employed. The study included a total weighted sample of 3,910 children under the age of five years. A geographically weighted regression was used to identify predictors of stunting.
Results: The prevalence of stunting among children under the age of five in Mozambique was 31.26% (95% CI: 29.88 to 32.65%). The Nampula (46.00%), Cabo Delgado (43.79%), Manica (40.88%), Zambezia (38.27%), Niassa (35.52%), and Tete (34.85%) regions of Mozambique were identified as hotspot areas of stunting. Several factors were significantly associated with the spatial heterogeneity in stunting, where household wealth index (poor and middle categories) and Mother’s age (15–19 years) were positively associated with higher occurrence of stunting, while having an employed mother and being a child under 2 years of age were negatively associated with stunting occurrence.
Conclusion: The spatial heterogeneity in stunting patterns highlighted by this analysis suggests that a one-size-fits-all approach to address child undernutrition in Mozambique may not be effective. Instead, tailored, location-specific strategies that account for the predictors of stunting are necessary to effectively combat this persistent public health challenge. Policymakers and program implementers should prioritize the hotspot regions for targeted interventions, while also maintaining and strengthening the factors contributing to the lower stunting prevalence in the cold spot areas.
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Introduction

Childhood stunting, defined as a height-for-age z-score less than −2 standard deviations below the median of the World Health Organization (WHO) growth standards, is a major public health concern in many developing countries (1, 2). Stunting is associated with impaired physical and cognitive development, increased risk of infectious diseases, and long-term adverse health and economic consequences (3, 4).

Globally, an estimated 149 million children under the age of five years were stunted in 2020, accounting for 22% of the global under-five population (5). This represents a decrease from 1990, when the global prevalence of stunting was 39% (6). In 2023, the stunting rate among children remained at 24% (7). Projections for 2030 indicate that 23% of children under the age of five will still be stunted, falling short of the 2025 target of 15% (7). Regionally, Africa exhibits the highest rates of stunting (5). The World Health Organization estimates that the current prevalence of stunting among children under five in Africa is approximately 31% (3). Furthermore, a 2024 article highlights that in African countries with low and lower-middle income, the rate is even higher, at 31% (8). While stunting rates have been decreasing over recent decades, the progress has been inconsistent across different regions and countries.

In Mozambique, the prevalence of stunting among children under the age of five has remained alarmingly high, with estimates ranging from 40 to 44% between 2011 and 2019 (9, 10). This places Mozambique among the countries with the highest stunting rates in sub-Saharan Africa. The causes of stunting are multifaceted, stemming from a complex interplay of various factors, including socioeconomic status, Mother’s education, access to healthcare, sanitation, and dietary intake (4, 6).

Several studies have been conducted on stunting in Mozambique (9–15); however, critical gaps remain in the literature. While earlier research has focused on specific geographic areas, a comprehensive nationwide assessment of the spatial distribution of stunting is essential to understand patterns and variations across the country. Additionally, although existing studies have identified various socioeconomic, demographic, and environmental factors associated with stunting (11–15), the underlying drivers of stunting across different regions remain unexamined. Furthermore, the current status of stunting—at both the national and regional levels—has not been thoroughly assessed.

By identifying high-risk areas and key predictors of this regional variation, the proposed study can provide valuable insights for policymakers and public health practitioners to develop targeted, evidence-based strategies to improve the nutritional status of children in Mozambique. Ultimately, this study aligns with national and international priorities in addressing childhood stunting, a key focus of Mozambique’s development agenda and the global Sustainable Development Goals (SDGs). By providing evidence to support effective policy design and implementation, the study can significantly contribute to enhancing child nutrition and health outcomes in Mozambique.



Methods


Study setting

Mozambique is situated on the eastern coast of Southern Africa, opposite Madagascar, and is located between latitudes 10°27’ S and 26°52’ S and longitudes 30°12′ E and 40°51′ E. The country has approximately 2,800 km of shoreline and a total size of around 800,000 km2. Administratively, Mozambique is divided into 11 provinces. The 11 provinces of Mozambique are: Cabo Delgado, Gaza, Inhambane, Manica, Maputo City, Maputo, Nampula, Niassa, Sofala, Tete, and Zambezia (Figure 1). Mozambique’s landscape is characterized by a broad plain that is 200–500 meters above sea level and stretches all the way to Beira in the south. The high plateaus of Zimbabwe, Swaziland, Natal, and Transvaal dominate the western regions. The high plateau is situated in the center of the country, along the Zambezi River, between Zambia and Zimbabwe. From Lake Malawi, the country gradually declines toward the Indian Ocean. The current population of Mozambique is projected to be a little over 20 million, with an annual growth rate of 2.5%. Agriculture is the most significant economic sector in Mozambique, providing employment for over 80% of the labor force and serving as the primary means of subsistence for the majority of the population (16).

[image: Map of Mozambique showing its provinces: Cabo Delgado, Niassa, Nampula, Zambezia, Tete, Manica, Sofala, Inhambane, Gaza, Maputo, and Maputo City. Each province is colored differently for distinction.]

FIGURE 1
 Graphical description of the study setting, Shape file source: Mozambique - Subnational Administrative Boundaries - Humanitarian Data Exchange (humdata.org).




Study design and period

The Mozambique Demographic Health Survey data from 2022 to 23 was used to conduct a cross-sectional study.



Data and sampling

We accessed the publicly available DHS datasets through the DHS Program website at https://www.dhsprogram.com/data/available-datasets.cfm. The analysis was conducted using the children’s recode (KR) data, which was extracted from the Mozambique DHS dataset 2022–23. The standard DHS surveys employ a stratified two-stage cluster sampling design to obtain nationally representative data. First, the country is divided into different strata based on relevant characteristics like urban/rural location or geographic regions. Within each stratum, enumeration areas (clusters) are randomly selected as the primary sampling units. These clusters typically comprise several households. In the second stage, a sample of households is drawn from within each selected enumeration area using either a systematic or random sampling method. Our study population included all children under 5 years of age residing in the sampled households. We excluded children who had visible disabilities affecting their growth or were missing data on key anthropometric indicators necessary for assessing stunting status. In the 2022–23 Mozambique Demographic and Health Survey (DHS), 619 clusters were included. Our study included a total weighted sample of 3,910 children under the age of five years.



Variables of the study


Dependent variable

The dependent variable for this study was the presence or absence of childhood stunting among children under the age of five years. Height or length measurements were available for children aged 0–59 months, which allowed for estimating the proportion of children who were stunted or chronically undernourished. For children aged 24–59 months, standing height was measured, while for children under two years, recumbent length was measured. Stunting was categorized using a binary code: 1 for stunted children and 0 for non-stunted children. Children were considered stunted if their height-for-age measurement fell more than two standard deviations below the WHO Child Growth Standards median (17).

To measure stunting, we utilized the height-for-age z-scores provided in the Demographic and Health Surveys (DHS) data. Specifically, we categorized children as stunted if their height-for-age z-score was below −2 standard deviations from the WHO Child Growth Standards median. In accordance with the guide to DHS statistics, children with missing height values were excluded from both the numerators and denominators. Additionally, children with missing or unknown month or year of birth were flagged and excluded from the analysis of anthropometry indices that rely on age. Furthermore, children with out-of-range or invalid z-scores were also excluded from the numerators and denominators.



Independent variables

After an extensive literature review, the study examined several independent variables that may influence the outcomes being assessed. Age is categorized into two groups: birth to 23 months and 24 to 59 months. Gender is classified as male or female. Birth weight is categorized as low, normal, high, or unknown. Mother’s BMI classifies participants into low, normal, or high categories. Mother’s education is divided into no education, primary, secondary, and higher levels. Mother’s age is segmented into three groups: 15–19 years, 20–34 years, and 35–49 years. Mother’s marital status is categorized as not in union or in union.

Father’s education follows a similar structure, with classifications of No education, Primary, Secondary, and Higher. Birth interval is defined as less than two years or two years and above. Family size is categorized as less than five or five and above. Mother’s antenatal care visits are classified as had visits or had no visits. Mother’s anemia is identified as Anemic or not anemic. The wealth index is categorized into three groups: poor, middle, and rich. Media exposure is simply classified as yes or no. The variable Child is twin includes single or multiple classifications. Residence is classified as urban or rural. Lastly, the region includes several categories: Niassa, Cabo Delgado, Nampula, Zambezia, Tete, Manica, Sofala, Inhambane, Gaza, Maputo, and Maputo City.

Birth weight is obtained from reported values according to written records, the mother’s recall, or either source, and is categorized as low (<2,500 g), normal (2500-4000 g), or high (>4,000 g) (18). Body Mass Index (BMI) of mother is categorized as low (<18.5 kg/m2), normal (18.5–24.9 kg/m2), overweight (25.0–29.9 kg/m2), and obese (≥30.0 kg/m2) based on a single variable (V445) in the DHS dataset, which is derived from height and weight measurements taken at the time of the interview (18).

The wealth index is a composite measure of a household’s cumulative living standard, calculated by DHS using data on household ownership of selected assets, materials used for housing construction, and access to utilities and services. Households are graded based on the number and type of consumer goods they own, ranging from a television to a bicycle or automobile, as well as housing characteristics such as sources of drinking water, bathroom facilities, and flooring materials. Principal component analysis is used to calculate these scores. National wealth quintiles are determined by assigning the household score to each usual (de jure) household member, ranking each person in the household population based on their score, and then dividing the distribution into five equal groups (poorer, poorest, middle, richer, and rich), each representing 20% of the population (18).




Data management

The data was processed using STATA/MP version 17.0. This involved editing, confirming, organizing, and recoding the data as appropriate. To extract the proportion of dependent and each independent variable, a cross-tabulation was performed using the variable cluster number (v001), and the results were saved as an Excel CSV file. For the ordinary least squares (OLS) and geographically weighted regression analyses, the relevant variables were loaded into ArcGIS 10.7. This study accounted for the complex survey design of the DHS data used. Specifically, the estimates were weighted using the sampling weights provided in the DHS dataset, and the standard errors of the regression coefficients were adjusted to account for the probability of sample selection and the multistage cluster sampling design. This ensures the estimates are representative of the target population and the statistical inferences are valid.



Spatial analyses


Spatial autocorrelation

The program Arc GIS version 10.7 was utilized to map model parameters between local models and look for geographical variance. The determination of the dispersion, clustering, or random distribution of stunting in Mozambique was achieved by computing the global spatial autocorrelation, also known as Global Moran’s I (19, 20). A geographical statistic called Global Moran’s I uses the complete dataset to generate a single output value between −1 and + 1. This allows for the measurement of spatial autocorrelation. A closer distance from −1 to Moran’s output suggests that the event of interest is scattered, whereas a closer distance from +1 suggests clustering, and a closer distance from 0 suggests a random pattern. A statistically significant Moran’s I (p < 0.05) indicates that stunting is not distributed randomly among children under five years old (either dispersed or clustered) (21).




Cluster and outlier analysis

Anselin Local Moran’s I, which assesses spatial clustering by determining whether a given area exhibits stunting rates significantly higher or lower than its neighbors (22). This statistic helps to identify clusters of similar values and detect outliers in the data. A significant positive value indicates high-high clustering, where areas with high rates of stunting are surrounded by other high-rate areas. Conversely, a significant negative value reflects low-low clustering, where low-rate areas are adjacent to other low-rate areas. Additionally, we observed high-low and low-high clustering, indicating areas where high stunting rates are surrounded by low rates and vice versa (22).



Hotspot analysis

We conducted hot spot analysis to identify statistically significant clusters of high or low stunting rates. Hot spots are defined as areas where stunting rates are significantly higher than expected based on surrounding populations, while cold spots indicate areas with significantly lower rates (22, 23).



Spatial interpolation

Based on neighborhood-measured values, the ordinary Kriging method of spatial interpolation was used to forecast the percentage of stunting in un-sampled sites. The Kriging method was preferred above other interpolation methods because an ideal interpolator that provides a minimum mean error (ME) and root mean square error (RMSE) is Kriging interpolation (24).



Spatial scan statistical analysis

Spatial cluster analysis was conducted using SaTScan version 10.2 software. The Bernoulli model was employed, as the outcome variable (stunting) was binary (yes/no). Coordinates (latitude and longitude) for each survey cluster, along with the case (stunted) and control (not stunted) files, were loaded into the SaTScan program. The maximum spatial cluster size was set to include up to 30% of the total population at risk, in order to capture both small and large clusters of high stunting prevalence. The software then used a likelihood ratio test to identify the most likely (primary) clusters, as well as any secondary clusters that were statistically significant. The likelihood ratio tests determined the clusters that had the highest likelihood of being true clusters, rather than occurring by chance. Statistical significance was set at the p < 0.05 level. This spatial scan approach allowed for the detection of geographic areas with a higher than expected prevalence of childhood stunting, which can inform targeted interventions and resource allocation (25).



Regression analysis

The OLS model was used. The OLS global regression model assumes homogeneity of coefficients for each variable across the study region and estimates the connection between the dependent and independent variables using a single equation (26). The initial stage in selecting the suitable predictor variables for the geographic variation of stunting is the OLS model (27). Verification that there is no stationary percentage of stunting is required before fitting the global and local regression models. Global spatial autocorrelation was used to determine the spatial standard deviation. Global spatial regression modeling was then calibrated to find variables related to the percentage of stunting.

The OLS model is predicated on six assumptions: normality of errors, random sampling, homoscedasticity, no autocorrelation, linearity, and perfect multicollinearity. The variance inflation factor (VIF) values were used to evaluate the multicollinearity. Predictors with VIF values higher than 7.5, or the cut point to indicate that multicollinearity is present, were not seen in this set of data. A global regression model can be expressed as: [image: Equation showing a statistical model: \(y_i = \beta_0 + \sum{\beta_k x_{ik}} + \epsilon_i\).] (28).

Where yi represents the 𝑖th observation of the dependent variable, 𝑥𝑖𝑘 denotes the 𝑖th observation of the kth independent variable, the εi are independent error terms that are normally distributed with a mean of zero, and each 𝛽𝑘 must be estimated from a sample of 𝑛 observations.

The local model, Geographically Weighted Regression (GWR), which assumes that the relationship between variables varies spatially (29), was used to model spatially varying relationships after the OLS model’s assumptions were verified and OLS was run. Therefore, the GWR is re-expressed as [image: The image shows a mathematical equation: \(y_i = \beta_0(u_i, v_i) + \sum \beta_k(u_i, v_i)x_{ik} + \varepsilon_i\).] (28).

Where (ui, vi) represents the coordinates of the ith point in space, and βk (ui, vi) is the realization of the continuous function βk (u, v) at point i. This indicates that it can form a continuous surface of parameter values, with the measurements from this surface at specific points reflecting the spatial variability of the surface.

Additionally, between local regression (GWR) and global regression (OLS), AICc and Adjusted R2 were used as model selection criteria. As the best fitted model, the one with the lowest AICc and the highest Adjusted R2 was chosen (27).



Ethical consideration

This study utilized publicly available data from the Demographic and Health Surveys (DHS) Program. Access to the Mozambique 202–23 DHS dataset, including the Global Positioning System (GPS) data, was obtained through the standard DHS data registration and request process. All DHS datasets are de-identified and anonymized to protect the privacy and confidentiality of survey participants. As the data used in this analysis were secondary and anonymized, no additional participant consent was required. The DHS Program has established robust protocols to ensure the ethical collection and use of survey data, in accordance with international standards for the protection of human subjects. This study adhered to these protocols and principles throughout the analysis.




Results


Descriptive characteristics of the study subjects

In this study, we analyzed a total weighted sample of 3,910 children under the age of five years. Among them, 777 (41.08%) were male, and 626 (31.00%) were female, both experiencing stunted growth. Notably, 35.61% of children born to mothers with low BMI were also stunted. Furthermore, 41.07% of children born to mothers with anemia faced stunting. Additionally, 179 (50.44%) children born within less than a two-year interval from their preceding birth were stunted. Importantly, 826 (44.20%) children born in households with poor wealth status were found to be stunted. Lastly, 1,112 (40.00%) children living in rural areas exhibited stunted growth (as shown in Table 1).



TABLE 1 Descriptive characteristics of the study subjects.
[image: Table showing the distribution of childhood stunting based on various variables. It includes age, gender, birth weight, mother's BMI, education, age, marital status, father's education, birth interval, family size, antenatal care visits, mother's anemia, wealth index, media exposure, child sibling status, residence, and region. Each category lists the number and percentage of children stunted ("Yes") and not stunted ("No").]



Prevalence of stunting among children under the age of five years in Mozambique

The prevalence of stunting among children under the age of five in Mozambique varies significantly across different regions. Using a forest plot technique, we found that stunting was lower in Maputo (8.17%) with a 95% confidence interval (CI) ranging from 4.59 to 11.75%. In contrast, Nampula had a higher stunting prevalence of 46.00% (95% CI: 43.02 to 48.98%). The pooled estimate for stunting was 31.26% (95% CI: 29.88 to 32.65%) (Figure 2).

[image: Forest plot showing effect sizes with 95% confidence intervals for various regions. Each region is represented by a square and line, with sizes varying by weight percentage. Pooled prevalence effect size is 31.26% with a 95% confidence interval of [29.88, 32.65].]

FIGURE 2
 Prevalence of stunting among children under the age of five years in Mozambique, MZDHS 2022–23.




Spatial distribution of stunting among children under the age of five years in Mozambique

The global Moran’s Index, which measures spatial autocorrelation, revealed significant clustering of childhood stunting in Mozambique. The calculated value of the index was 0.517787, corresponding to a z-score of 15.119469 (p < 0.001) (see Figure 3).

[image: Spatial Autocorrelation Report showing a bell curve with shaded significance levels and critical z-score values. Moran’s Index is 0.517787, z-score is 15.119469, and p-value is 0.000000. Visuals depict dispersed, random, and clustered patterns, highlighting significant clustering with less than one percent random chance likelihood.]

FIGURE 3
 Spatial autocorrelation of stunting among children under the age of five years in Mozambique.




Cluster and outlier analysis

The Anselin Local Moran’s I cluster and outlier analysis was used to illustrate the geographical distribution of stunting across the country. As shown in Figure 4, this analysis highlights specific clusters and their surrounding areas. In the panels, the red color represents high-high clustering of stunting, indicating areas with elevated rates of similar cases. These specific regions are predominantly found in Cabo Delgado, all areas within Nampula, the northeastern part of Zambezia, the northeast border of Tete, and most of Manica. Conversely, green colors indicate low-low clustering areas, which encompass the southern parts of Inhambane, Gaza, most areas in Maputo, and Maputo city (Figure 4).

[image: Map of Mozambique depicting a cluster and outlier analysis of childhood stunting. Regions are marked with black (not significant), red (high-high cluster), orange (high-low outlier), blue (low-high outlier), and green (low-low cluster) circles. Areas like Cabo Delgado and Nampula show high-high clusters, while Maputo and Gaza have low-low clusters. A compass rose and scale bar are included.]

FIGURE 4
 Anselin Local Moran’s I cluster and outlier analysis of stunting in Mozambique.




Hotspot analysis of stunting

The hot spot analysis conducted in this study identified several areas with distinct stunting patterns among children in Mozambique. Hot spot regions, characterized by higher stunting prevalence, include the southeastern border of Niassa, most parts of Cabo Delgado, all areas in Nampula, the northeastern Zambezia, the northeast border of Tete, and most of Manica. Conversely, cold spot areas, where stunting is less prevalent, encompass the southern parts of Sofala, Inhambane, Gaza, most areas in Maputo, and the central parts of Maputo city (Figure 5).

[image: Map of Mozambique depicting childhood stunting hot and cold spots. Areas are marked in red for hot spots (90%-99% confidence) and blue for cold spots (90%-99% confidence). Black dots indicate non-significant areas. A compass rose in the top left corner displays directions. Regions like Nampula, Cabo Delgado, and Maputo City are labeled. A scale bar shows distances from zero to six hundred kilometers.]

FIGURE 5
 Hot spot analysis of stunting among children under age of five in Mozambique.




Spatial scan statistics of stunting

The spatial scan statistics analysis of this study revealed a most likely (primary) and two secondary significant clusters using 30 percent of the total population as the maximum size of the cluster window. The primary cluster, centered at 15.574063°S, 40.417567°E, has a radius of 265.91 km. Within this cluster window, there are 84 clusters (enumeration areas), a population of 1,168, and 548 cases of stunting. The Relative Risk (RR) within this primary cluster is 1.51, indicating that the risk of stunting is 1.51 times higher for individuals living within this 265.91 km radius compared to those outside of it. The p-value for this primary cluster is highly significant at less than 0.001, suggesting that the elevated risk is unlikely to have occurred by chance.

The first secondary cluster, centered at 14.916839°S, 39.994143°E, has a radius of 166.58 km. Within this cluster window, there are 68 enumeration areas, a population of 974, and 456 cases of stunting. The RR within this first secondary cluster is 1.46, indicating a 1.46 times higher risk of stunting for individuals living within this 166.58 km radius compared to those outside of it. The p-value for this first secondary cluster is also highly significant at less than 0.001. The second secondary cluster, centered at 15.575194°S, 37.611819°E, has a radius of 86.78 km. Within this cluster window, there are 15 enumeration areas, a population of 162, and 88 cases of stunting. The RR within this cluster is 1.55, suggesting a 1.55 times higher risk of stunting for individuals living within this 86.78 km radius compared to those outside of it. The p-value for this second secondary cluster is significant at 0.003 (Table 2).



TABLE 2 Spatial scan statistics analysis of childhood stunting in Mozambique.
[image: Table displaying data on clusters with columns for cluster type, number of events (N), latitude, longitude, radius in kilometers, population, number of cases, relative risk (RR), log likelihood ratio (LLR), and p-value. The primary cluster has 84 events, a latitude of 15.574063S, longitude of 40.417567E, and a p-value of less than 0.001. Secondary clusters 1 and 2 have 68 and 15 events respectively, with similar statistical data provided.]

The most likely cluster windows was observed to cover the south of Cabo Delgado, all of Nampula, and the North and east of Zambezia regions of Mozambique (Figure 6).

[image: Map of Mozambique showing SaTScan analysis of childhood stunting. Clusters marked in red, pink, and purple indicate likelihood ratios of 44.50, 33.89, and 12.11 respectively. Regions include Cabo Delgado, Zambezia, and others. A scale bar and compass rose are present.]

FIGURE 6
 Spatial scan statistics of stunting among children under the age of five in Mozambique.




Spatial interpolation of stunting

We used a geostatistical technique called ordinary Kriging to map the prevalence of stunting (low height-for-age) among children in different regions of Mozambique. Kriging is an interpolation method that estimates values at unobserved locations based on measurements at nearby locations. The analysis revealed that several regions in northern and central Mozambique had a high proportion of stunted child growth. Specifically, the regions of Cabo Delgado, Nampula, Manica, northern Zambezia, and northeast Tete were identified as areas with elevated levels of childhood stunting, as illustrated in Figure 7 of the study.

[image: Map of Mozambique showing ordinary kriging interpolation of childhood stunting. Regions are color-coded from green to red, indicating low to high stunting levels. Areas like Cabo Delgado and Nampula show high stunting, while southern regions like Maputo display lower levels. A compass rose and scale bar are included.]

FIGURE 7
 Spatial interpolation of stunting among children under the age of five in Mozambique.




Spatial regression of the predictors stunting in Mozambique


Ordinary least squares (OLS) regression

The ordinary least squares (OLS) regression model was used to identify factors associated with spatial variation in childhood stunting. The results indicated that several factors were significantly associated with stunting. The regression coefficients for household wealth index (poor and middle categories) and Mother’s age (15–19 years) were positive, indicating a positive association with stunting. In contrast, the coefficients for Mother’s employment and child age under 2 years were negative, suggesting a protective effect against stunting. Specifically, children from households with a poor or middle wealth index, and children of extremely young mothers (aged 15–19 years) were more likely to be stunted, while children of employed mothers and children under 2 years of age were less likely to be stunted.

Importantly, the analysis did not detect evidence of multicollinearity among the independent variables included in the model. The mean variance inflation factor (VIF) was 4.205, with a minimum of 1.19 and a maximum of 7.22 (see Table 3), which is within the acceptable range for multicollinearity diagnostics.



TABLE 3 Ordinary list square regression summary.
[image: A table listing variables, coefficients, robust t statistics, robust probabilities, and variance inflation factors (VIF). Notable variables include significant p-values for "Mother employed" (0.004), "Poor household wealth index" (0.0004), and "Age under two years" (0.023). Diagnostic criteria include AICc, R-squared, and significant Joint F-Statistic and Joint Wald Statistic with p-values of 0.001.]

The adjusted R-squared value of 0.3342 from the global OLS model indicated that 33.42% of the variation in stunting could be explained by the explanatory variables included in our study (Table 3). The significant joint F-statistic and Wald statistic suggested a strong linear relationship between the dependent variable and the independent variables. However, the statistically significant Koenker statistic indicated that the regression model’s consistency varied across the study area, implying that the relationships between variables changed with geographic location. Consequently, a geographically weighted regression (GWR) model would be more appropriate for estimating the model parameters.




Geographically weighted regression

By comparing diagnostic parameters (AICc and R2) for the two models, we observed that AICc decreased from 512.76 (for the OLS model) to 496.99 (for the GWR model). Additionally, the Adjusted R2 increased from 0.3342 (33.42%) in the OLS model to 0.3606 (36.06%) in the GWR model. These findings suggest that the diagnostic parameters favor the geographic weighted regression (GWR) model over the ordinary least squares (OLS) model (see Table 4).



TABLE 4 Model comparison of OLS and GWR spatial regression analysis.
[image: Table comparing model performance for OLS and GWR. AICc is 512.76 for OLS and 496.99 for GWR. Adjusted R-Squared is 0.3342 for OLS and 0.3606 for GWR. OLS is ordinary least squares; GWR is geographically weighted regression.]

Across the study area, the model performance (local R-squared) is depicted in Figure 8. Additionally, Figure 8 displays the spatial distribution of beta coefficients for the five explanatory variables.

[image: Six-panel map showing Mozambique with different beta coefficients for various conditions. Each panel uses a color gradient from green to red to represent the coefficients: Panel 1 for poor, Panel 2 for middle, Panel 3 for rich, Panel 4 for lower extreme, Panel 5 for employed mother, and Panel 6 for child health. Each map contains a legend, scale bar, and compass rose.]

FIGURE 8
 The spatial mapping of local R squared and local regression coefficients of predictors of stunting among children under the age of five years in Mozambique.


The beta coefficient for the poor household wealth index exhibited notable variation across the study area, suggesting an inconsistent relationship between household wealth and the proportion of stunted children. Specifically, a strong positive association (red dotted areas on the map) was observed between the poorest wealth quintiles and childhood stunting in the Tete, Niassa, Cabo Delgado, and Maputo city. This pattern extended to the northern borders of Zambezia, Manica, and Nampula provinces. Conversely, the lowest coefficients for poor household wealth were found in Gaza, Inhambane, Manica, Sofala, and the northern region of Maputo (Figure 8).

Examining the beta coefficient for children from middle household wealth status, we found a concentrated positive association (red dotted areas) in the regions of Tete, Niassa, Cabo Delgado, Sofala, and Zambezia. Additionally, younger mother’s age (15–19 years) had a stronger positive influence on stunting in the Zambezia, Sofala, Manica, and Tete (Figure 8) regions of Mozambique.

Interestingly, being a child of an employed mother and a child under the age of two years were inversely associated with spatial variation in stunting. Specifically, a strong negative effect (green dotted areas on the map) of mother’s employment and child age under two years was identified in Niassa, Cabo Delgado, Sofala, Zambezia and Tete regions (Figure 8).




Discussion

Stunting, a major public health concern in many low- and middle- income countries, is associated with impaired physical and cognitive development, increased risk of infectious diseases, and long-term adverse health and economic consequences. Mozambique is among the countries with the highest stunting rates in sub-Saharan Africa. This study disclosed prevalence, spatial variation and predictors of stunting among children under the age of five years in Mozambique.

The prevalence of stunting among under-five children in our study was 31.26% (95% CI: 29.88 to 32.65%). This finding is consistent with the challenges faced in the broader sub-Saharan African region, where a recent study reported an overall stunting prevalence of 31.28% (8).

However, the prevalence in our study was higher than the reported stunting rates in neighboring countries such as South Africa (27.4%) (30) and Malawi 26.8% (31). This disparity can be attributed to differences in socioeconomic factors, access to healthcare, and dietary practices between the regions. For instance, South Africa has experienced significant economic growth and improvements in child health indicators in recent years, which may have contributed to its relatively lower stunting prevalence (32). Malawi, on the other hand, has made progress in reducing stunting through various nutrition-specific and nutrition-sensitive interventions, such as the implementation of the National Multi-Sector Nutrition Policy (33).

On the other hand, the prevalence in our study was lower than the reported prevalence in Zambia (34.9%) (34). This difference can be explained by the variations in the underlying determinants of stunting, such as household food security, access to clean water and sanitation, and Mother’s education, which are known to be more favorable in Mozambique compared to Zambia (35).

The findings from the spatial global Moran’s analysis in this study reveal that the proportion of stunting among children under five in Mozambique exhibits significant spatial variation and clustering. This aligns with the results of previous studies conducted in similar contexts. Studies on the spatial distribution of stunting in Ethiopia and Rwanda found notable spatial clustering, with high prevalence of stunting on specific regions of the countries (36–38). Additionally, a review on the determinants of child stunting in Indonesia highlighted the importance of considering spatial factors, as the study noted distinct geographic patterns in the prevalence of stunting across different regions (39). These findings corroborate the spatial clustering of stunting prevalence observed in the current study on Mozambique.

The spatial clustering of stunting can be attributed to various underlying factors that tend to be geographically concentrated. Poverty, poor access to essential services (such as healthcare, sanitation, clean water), suboptimal infant and young child feeding practices, and high disease burden are some of the key determinants of stunting that often exhibit spatial heterogeneity (40, 41). For instance, regions with limited access to nutritious foods and healthcare infrastructure may experience higher stunting rates compared to more resourced areas. Furthermore, environmental factors, such as soil quality, climate, and agricultural productivity, can also contribute to the spatial patterning of stunting. Regions with less favorable environmental conditions for food production and dietary diversity may be more susceptible to higher stunting prevalence (39).

Additionally, the spatial analysis of this study revealed distinct regional patterns in the prevalence of stunting among children under five in Mozambique. The hot spot analysis identified several areas with significantly higher stunting rates, which can be characterized as hot spots. These hot spot regions include the southeastern border of Niassa, most parts of Cabo Delgado, all areas in Nampula, the northeastern Zambezia, the northeast border of Tete, and most of Manica. The high stunting prevalence in these hot spot areas suggests the presence of concentrated risk factors that contribute to poor child growth and development. These may include factors such as limited access to nutritious food (42, 43), poor sanitation and hygiene (44, 45), high disease burden (46, 47), and suboptimal Mother’s and child healthcare practices (48, 49). The clustering of high stunting rates in these regions underscores the need for targeted, area-specific interventions to address the underlying drivers of child undernutrition.

In contrast, the analysis also identified cold spot areas where stunting prevalence was significantly lower. These cold spot regions encompass the southern parts of Sofala, Inhambane, Gaza, most areas in Maputo, and the central parts of Maputo city. The relatively lower stunting rates in these areas may be attributed to better socioeconomic conditions (50, 51), improved access to basic services (52, 53), and more effective nutrition-sensitive and nutrition-specific interventions (54, 55).

The positive and strong relationship between poor household wealth and the proportion of stunted children is evident in provinces of Mozambique such as Tete, Niassa, Cabo Delgado, and Maputo City. This pattern extends to the northern borders of Zambezia, Manica, and Nampula. Additionaly, our examination of the beta coefficient for children from middle household wealth status revealed a concentrated positive relationship with childhood stunting in the Tete, Niassa, Cabo Delgado, Sofala, and Zambezia regions. The observed positive and strong relationship between poor household wealth and the proportion of stunted children in provinces such as Tete, Niassa, Cabo Delgado, and Maputo City can be scientifically justified by several factors. Households with lower wealth status are more likely to have limited access to diverse and nutrient-rich foods, which are essential for proper child growth and development. Inadequate dietary intake, particularly insufficient intake of macronutrients and micronutrients, can lead to stunted growth in children (56). Additionally, poorer households often have limited access to quality healthcare services, including preventive care, routine check-ups, and early diagnosis and treatment of childhood illnesses (57). They may also lack access to clean water, adequate sanitation, and proper hygiene practices, all of which can contribute to the development of stunting through the increased risk of infectious diseases, such as diarrhea and respiratory infections (47).

The finding that the positive relationship between middle household wealth status and childhood stunting is concentrated in the Tete, Niassa, Cabo Delgado, Sofala, and Zambezia regions can be further explained by the uneven development and resource distribution across different regions of Mozambique. Even within the middle wealth range, there may be significant disparities in the distribution of resources and access to essential services, such as healthcare and education, which can contribute to persistent stunting in certain areas (58). Regional differences in cultural practices, dietary preferences, and childcare behaviors can also influence the prevalence of stunting among middle-income households (54). Geographical and environmental factors, such as soil quality, access to clean water, and exposure to environmental toxins, can also affect child growth and development, even in middle-income households, and these variations across different regions may partially explain the concentrated positive relationship between middle household wealth and childhood stunting (58).

Importantly, being a child of an employed mother was inversely associated with spatial variation in stunting. Accordingly, a strong negative effect of mother’s employment on stunting was identified in Niassa, Cabo Delgado, Sofala, Zambezia and Tete regions of Mozambique. This finding that having an employed mother has a strong negative effect on stunting in these specific regions of Mozambique suggests that mother’s employment may be a protective factor against child undernutrition in this context. This aligns with existing research that has found links between mother’s employment and improved child health outcomes, potentially due to increased household income, improved access to resources and healthcare, and changes in intra-household dynamics and decision-making (59–61). However, it is important to note that the relationship between mother’s employment and child stunting can be complex and context-dependent. Factors such as the type of employment, the quality of childcare arrangements, and the distribution of household responsibilities can all play a role in mediating this relationship (62). Additionally, regional differences in socioeconomic, cultural, and environmental factors may contribute to the observed variations in the effect of mother’s employment on stunting across the different regions of Mozambique.

Furthermore, our GWR analysis also revealed a strong negative effect of child age under two years on the prevalence of childhood stunting in the Niassa, Cabo Delgado, Sofala, Zambezia, and Tete regions of Mozambique. This finding suggests that children under the age of two years are less likely to be stunted compared to older children in these regions. This aligns with existing evidence from several studies (63–65). In this respect, it is important to consider that stunting is a long-term condition that develops over a long period of time, and it is hard to reverse once it has happened (3). Consequently, stunting is more common in older children who have experienced malnutrition for a longer period of time than in younger infants who have not (66). In the regions of Niassa, Cabo Delgado, Sofala, Zambezia, and Tete, children under two years of age may have better access to targeted interventions and support services that are focused on this critical period, leading to a lower prevalence of stunting compared to older children (54). Additionally, younger children are more likely to be exclusively breastfed or receive appropriate complementary feeding, which can protect them from the negative consequences of infectious diseases and nutrient deficiencies that contribute to stunting (6).



Limitations of the study

The findings of this study should be interpreted with consideration of the following limitations. Firstly, the cross-sectional design restricts the ability to draw causal inferences regarding the predictors of stunting, as it does not establish the temporal order of events. Additionally, the study relied on secondary data from the Demographic and Health Survey (DHS) in Mozambique, which may not account for unmeasured confounders, such as genetic factors, that could influence the risk of stunting. Furthermore, the geographical coverage was limited to Mozambique, which may restrict the generalizability of the findings to other countries or regions with differing socioeconomic, environmental, or cultural contexts. Lastly, the measurement of stunting using height-for-age z-scores may be prone to errors or variations in data collection accuracy across different regions or individuals.


Areas for further research

Further research is needed to evaluate the effectiveness of location-specific interventions aimed at reducing stunting in identified hotspot regions, assessing which strategies yield the best outcomes. Additionally, investigating the role of a mother’s employment on child nutrition and health is crucial, as it is important to explore how different types of employment and work conditions affect stunting rates. Moreover, researching the effectiveness of community engagement strategies can provide insights into promoting nutritional awareness and practices among families, particularly in areas with high stunting rates.



Policy implications

Policymakers should prioritize targeted interventions in the hotspot regions identified in this study, implementing tailored strategies that address the specific predictors of stunting unique to each area. Resource allocation is also essential; funding programs that support mothers’ employment and education can significantly contribute to lower stunting rates. Furthermore, designing integrated health and nutrition programs that consider the socio-economic context of families will promote comprehensive strategies that address both immediate and underlying causes of stunting. Finally, establishing robust monitoring and evaluation frameworks will allow for the assessment of the impact of implemented policies and interventions, ensuring that data-driven adjustments can be made as needed.




Conclusion

The spatial heterogeneity in stunting patterns highlighted by this analysis suggests that a one-size-fits-all approach to address child undernutrition in Mozambique may not be effective. Instead, tailored, location-specific strategies that account for the contextual determinants of stunting are necessary to effectively combat this persistent public health challenge. Policymakers and program implementers should prioritize the hot spot regions for targeted interventions, while also maintaining and strengthening the factors contributing to the lower stunting prevalence in the cold spot areas.
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Introduction: Reducing poverty through crop commercialization is one of the antipoverty efforts that helps promote health. This study explored the prevalence and the causal relationship between crop commercialization and rural Ethiopian households’ multidimensional poverty using multilevel data.
Methods: The study uses data from the most recent nationally representative Ethiopian socioeconomic survey 2018/19 to calculate the rural multidimensional poverty index using the Alkire and Foster technique. The data show 2,714 rural households nested in 59 administrative zones of Ethiopia. Based on several parameters (nutrition and health, education, living standards, rural livelihoods and resources, and risk), the investigation looks into the multidimensional poverty levels of Ethiopian rural households and how they differ across Ethiopian administrative zones.
Results: The results indicate that 47.8% of the rural households of Ethiopians were multidimensionally poor in several dimensions; nutrition and health, education, living standards, rural livelihoods and resources, and risk. The living standard dimension is most deprivation-prone for the rural, multidimensional poor households. In addition, multidimensional poverty is more prevalent in Somali and Afar region rural areas. The best linear unbiased prediction estimates of multidimensional poverty vary substantially across Ethiopia’s administrative zones. Specifically, the top poorest performing administrative zones concerning the likelihood of being multidimensional poor among rural households were Shebelle, Zone 2, Zone 3, Zone 4, and Konso special woreda.
Conclusion: The results of the generalized linear mixed-effects model show that crop-commercialized households have reduced the odds of being multidimensionally poorer than those who did not. This study recommends policymakers focus on rural mumyltidimensional poverty reduction strategies.

Keywords
 rural multidimensional poverty; crop commercialization; Alkire and Foster method; propensity score; generalized linear mixed-effects model


1 Introduction

Poverty is usually determined by the level of income, consumption expenditure, and sufficient basic resources to maintain sustainable livelihoods. It is also a display of educational inaccessibility, hunger and malnutrition, social unfairness, and limited access to other basic needs (1). The monetary approach (household income or consumption expenditure) is a good proxy for measuring poverty because it shows the welfare level of the household. However, they do not measure deprivations in different dimensions aside from income, hence not providing sufficient policy guidance in these dimensions (2, 3). It goes beyond just monetary terms to include other dimensions of deprivation, such as adult education level, as well as the availability of sufficient electric power and hygiene (4). The increasing use of poverty measurement in terms of welfare outcome indicators reflects housing quality, overcrowding, and access to essential services such as water, sanitation, healthcare, and education (5). A multidimensional poverty measure is based on the capability approach and helps policymakers identify and track the poor who are deprived in several areas, including money, health, education, and living standards (6). It can also be defined as the failure to reach a predetermined level in several aspects of a person’s wellbeing (7). Thus, rather than focusing on changes in inputs like income or consumption, poverty is assessed in terms of gains in outcomes, such as human development or maintaining a nutritious diet (8). Hence, several researchers have suggested the measurement of poverty indicators should go beyond expenditure or income to a multidimensional approach for showing household deprivations in various dimensions of poverty (5, 9–11).

The primary goal of national and international development organizations, as well as the first Sustainable Development Goal (SDG) of the United Nations, is eradicating poverty worldwide in all its dimensions (12–14). The existing evidence indicates that most of the world’s monetary poor (81.3 percent) live in rural areas, and according to the global multidimensional poverty index introduced, 85 percent of poor people live in rural areas. Specifically, in South Asia and sub-Saharan Africa, the percentage of multidimensionally impoverished people is much higher (83%) (4, 15). Hence, the world’s multidimensional poor live predominately in rural and remote areas that require an accurate and specifically tailored rural multidimensional measure to capture the full spectrum of deprivations faced by rural communities (16, 17). Even though several studies of poverty focused on a multidimensional approach (18–21), they used only three dimensions (education, health, and living standards) and ten indicators (11, 18, 19), others used four dimensions and 14 indicators (20, 21) and their study covers limited areas in Ethiopia (19–24). Thus, to address this dimensional and indicators limitation of poverty and to better reflect the rural household livelihoods, following the recent work of FAO and OPHI (16) and Vollmer et al. (17), this study used multidimensional poverty measurement for rural households by including sixteen indicators across five dimensions: nutrition and health, education, living standards, rural livelihoods and resources, and risk. According to the recommendations of FAO and OPHI (16) and Vollmer et al. (17), we have added two crucial dimensions that rural households are vulnerable and exposed to rural livelihoods and resources, and risks. Unlike other poverty measures, this rural multidimensional poverty measure includes innovative indicators on rural social protection, extension service, agricultural assets adequacy, and exposure to risk and coping mechanisms.

Out of 112 countries in 2024, the global Multidimensional Poverty Index reported that 1.1 billion people live in multidimensional poverty. Nearly half (48.2 percent) of these poor people live in Sub-Saharan Africa. With approximately 86 million poor people, Ethiopia ranks as the first poorest country in Africa as well as it is the third poorest country in the world, next to India and Pakistan. A large proportion of all poor people lack adequate sanitation, housing, and cooking fuel. Moreover, over half of all poor people live with a person who is undernourished in their household. Approximately half of all poor people lack electricity, and over half live in a household where no one has completed 6 years of schooling. Nearly half of all poor people do not have an improved source of drinking water. Approximately 482 million poor people live in households where one or more children are out of school (25). Approximately 80 percent of Ethiopia’s rural population lives in multidimensionally impoverished households. This indicates that 42.6% of all deprivations experienced by the multidimensionally poor in rural Ethiopia would take place if every member of these rural societies were completely deficient in every indicator (16). Ethiopia had a decrease in multidimensional poverty from 0.491 in 2011 to 0.436 in 2016 to 0.367 in 2019, as well as a decrease in the incidence of poverty from 83.5 percent to 77.4 percent to 68.8 percent. This decline was primarily caused by a decline in the proportion of the impoverished who lack years of education, which was followed by declines in the proportions of those who lack assets, housing, cooking fuel, electricity, and clean water to drink (26).

Global hunger and food insecurity are critical challenges that affect millions of people worldwide. Approximately 733 million people faced hunger in 2023 globally (one in eleven people) and one in five people (20.4%) in Africa. In 2023, approximately 2.33 billion people globally faced moderate or severe food insecurity. This challenge also continues in Africa (58%). Chronic hunger can lead to malnutrition and even starvation, posing a severe threat to health and child development. The root causes of this global food crisis are poverty, conflict, climate change, and economic instability. Poverty is one of the leading causes of food insecurity, and it limits people’s ability to afford food and their access to education and healthcare. Climate changes such as droughts and floods pose a major and growing threat to global food security by reducing crop and animal yields. It also impacts the livelihoods of farmers and the health of vulnerable communities. Efforts to address global hunger and food insecurity problems involve a combination of strategies, including improving food production and distribution systems, promoting sustainable agriculture, reducing poverty, enhancing social safety nets, and addressing the underlying causes of these issues, such as conflict and climate change (27). Despite Ethiopia has work to achieve the Sustainable Development Goal of zero hunger by 2030, with a score of 26.2 in the 2024 global hunger index, it has a serious level of hunger and ranks 102nd out of the 127 countries (28). Food insecurity and malnutrition are still a major concern in Ethiopia due to recurrent conflict, droughts, diseases, and inflation (29). Ethiopia continues to have extremely high levels of poverty due to conflict, the COVID-19 pandemic, the invasion of locusts, and international conditions that drive up food prices, poor urban planning, low educational attainment, weak institutions, heavy resource exploitation, frequent extreme weather events, and the long-term effects of climate change that threaten livelihoods in agriculture and pastoralists as well as food security (4, 26, 30). Hence, because rural livelihoods are dependent on rain-fed agriculture, they are particularly vulnerable to many risks and shocks that could cause them to fall back into poverty (31–33).

To identify the poor, comprehend their living circumstances and the unique barriers preventing them from escaping poverty, and ultimately create integrated agriculture-related policies to end poverty, it is helpful to quantify rural poverty. In Ethiopia, various strategies have helped in reducing poverty; in 2020/2021, the country’s economy grew by 6.3%, and agriculture accounted for 37.57 percent of the GDP, followed by the services sector at 36.25 percent and industry at 21.85 percent. Thus, more than 70% of the population works in agriculture, its contribution to growth is slightly improved, and it has a great role in poverty reduction. There are also main pro-poor government initiatives such as the Productive Safety Net Programme (PSNP) and the Multisectoral Woreda Transformation Program. The percentage of people living in rural areas below the national monetary poverty level dropped from 30% in 2011 to 26% in 2016 (34, 35). The commercialization of agriculture can be a major factor in rural development and the fight against poverty. It is also a major force behind structural change. The level of a farm household’s market connectivity is known as commercialization (36, 37). An empirical study using quantile regressions in Kenya showed commercialization of agriculture has a favorable impact on income poverty and multidimensional poverty (18). Reducing poverty and enhancing the welfare of rural farm households in Ethiopia can be achieved through the commercialization of smallholder agriculture. A statistically significant decrease in the impact of crop commercialization on multidimensional poverty and susceptibility to it was observed in Ethiopian Teff-based mixed farming areas, according to the research conducted using the instrumental variable Tobit. Further evidence from the data suggests that commercialization is a crucial pro-poor growth strategy for lowering agricultural households’ poverty in rural Ethiopia (24). Even though a huge investment was made in Ethiopia’s Growth and Transformation Plan I (GTP I from 2010/11 to 2014/15) and II (GTP II from 2015/16 to 2019/2020) for smallholder commercialization as a means of agricultural sector transformation to help farmers gain higher incomes and promote rural development, commercialization is not promoted sufficiently. Farmers are still practicing subsistence farming and are ill-equipped to handle the shocks and strains brought on by rising prices and climate change (38). Reducing poverty through crop commercialization is one of the antipoverty efforts that helps promote health. Thus, there is a need for an extensive study to identify the extent and impact of crop commercialization on the multidimensional poverty experienced by rural households.

Agricultural commercialization has been found to have various effects on different aspects of rural household’s welfare. It is a pressing issue in African countries (Malawi, Tanzania, and Uganda) and enhances trade and efficiency, leading to economic growth and welfare improvement (39). Other studies in Kenya by Ogutuet al. (40) remarked that commercialization significantly improves food security and dietary quality. A higher level of commercialization contributes to higher incomes by improving their consumption of purchased food and increasing nutrient (calorie, zinc, and iron) consumption. The previous studies in rural Vietnam have demonstrated that households who commercialize rice were better off in terms of asset accumulation and income. They also noted that agricultural commercialization increases household consumption (37). The commercialization of food crops (bananas and legumes) has a positive significant effect on dietary diversity and farm income of rural households in Rwanda and the Democratic Republic of Congo (41). The studies in Chinese rural households by Zheng and Ma (42) also found that households with higher agricultural commercialization rates are significantly increasing rural households’ dietary diversity and are less vulnerable to poverty. The previous studies in rural Vietnam showed that agricultural commercialization reduces multidimensional poverty (43). The study in maize-producing regions of Ethiopia (Oromia, the Southern Nations, Nationalities and Peoples, and the Benishangul-Gumuz) by Geffersa and Tabe-Ojong (22) found that a positive association between smallholder maize farmers’ commercialization and household income which translates to wealth endowments through asset ownership and accumulation. They also show that commercialization is associated with poverty reduction by reducing the prevalence of income poverty. Moreover, the study in selected regions (Tigray, Amhara, Oromia, and southern nations, nationalities peoples) of Ethiopia found that crop commercialization is positively correlated with per capita income (23).

However, most of the prior studies analyzing poverty effects of commercialization considered indicators such as per capita income or per capita consumption (22, 23, 37–42, 44). Even though this monetary approach to measuring poverty is widely used, it does not fully reflect the multidimensional nature of poverty (18, 24, 43). Hence, this study contributes to the existing literature by analyzing the impact of crop commercialization on multidimensional poverty in the rural Ethiopia context. Unlike most previous studies (22–24, 38), this study utilized the nationally representative and recent data of rural households in Ethiopia. This enables us to compare multidimensional poverty across administrative zones, regions, genders, and crop commercialization groups. In addition, no previous studies incorporate the heterogeneity issues that arise in estimating the impact of crop commercialization on multidimensional poverty across administrative zones of Ethiopia.

Numerous fields (patients in hospitals, people in geographic locations, and students in schools) frequently use clustered data structures. To the degree that the random slope variance and intra-class correlation (ICC) departs from zero, the single-level model that ignores clustering would produce estimates of propensity scores inside single clusters that are progressively biased. Utilizing random effects models to estimate the propensity score has the advantage of mitigating the bias resulting from unmeasured cluster-level variables in propensity score computation techniques (45). The estimation of the propensity score must take into account at the individual and group levels impacts on the likelihood of receiving a treatment assignment in designs for multilevel studies where people within groups are exposed to a treatment (45–49). Hence, this study’s data exhibit a complex dependence structure. Households are nested within administrative zones of Ethiopia, and adjacent households are considered to be geographically correlated. In addition, the observations from households within a zone are likely to be impacted by zone-level policies. The first step in developing effective solutions to reduce poverty is determining the extent and variation of multidimensional rural poverty across Ethiopia’s administrative zones. Hence, by utilizing a generalized linear mixed-effects model with weights from propensity score techniques, this study examines the prevalence and the causal impacts of crop commercialization on the multidimensional poverty of rural households by accounting for the differences in administrative zones in Ethiopia. We considered four main research questions in this study: (1) Which dimensions and indicators of poverty are deprived? (2) What are the potential confounding risk factors of crop commercialization? (3) Does crop commercialization contribute to reducing rural multidimensional poverty? and (4) Which administrative zone ranks best and worst performance in multidimensional poverty reduction?



2 Methods


2.1 Data

This study used a recent fourth round of nationally representative Ethiopia socioeconomic survey (ESS 2018/19) data; it is not a follow-up to previous ESS waves. Specifically, this study used the rural category of ESS data. These are surveys conducted by the Ethiopian Central Statistical Agency (CSA) and the World Bank’s Living Standards Measurement Study (LSMS). This study sample of rural households was selected from the regions of Amhara, Tigray, SNNP, Oromia, Afar, Somali, Gambella, Benishangul Gumuz, Harari, and Dire Dawa, and a total of 59 administrative zones. This study included a sample of 2,714 households living in rural areas. This nationally representative dataset includes important information about income, expenditure, occupation, demographic aspects, health and education, production activities, asset ownership, agricultural production, and self-reported information on shocks.

The main reasons for this study selected the baseline ESS 2018/19 dataset. First, the ESS wave 4 revised the previous survey instruments, and the changes focused on module updates, guaranteeing that the survey information generated will be in line with the sustainable development goals such as clean water, sanitation, hygiene, labor statistics, and household consumption expenditure survey. Second, to include modules to enhance the quality and accessibility of distinct, disaggregated household data, enabling the tracking of SDG indicators on ownership, usage rights, and decisions made regarding specific material and financial assets. Third, in contrast to other ESS waves, ESS wave 4 is inclusive of Ethiopia’s regions, both rural and urban (50). Hence, the revision of this recent data includes indicators that make it suitable for meaningful measures of rural households’ multidimensional poverty from the same survey in Ethiopia.



2.2 Constructing the multidimensional poverty measures

One important worldwide tool for calculating multidimensional poverty is the Global Multidimensional Poverty Index (MPI) which helps to assess how countries meet the SDGs, which is the first goal focused on eliminating poverty in all its manifestations and dimensions. The global MPI aims to address the interconnected deprivations that impoverished people experience to give the most comparable measure feasible for cross-national studies and pertinent data for policies that eliminate poverty (51). The first step in the global MPI is creating a deprivation profile for each household and individual within it. This profile tracks ten indicators that are grouped into three dimensions: living standards (electricity, sanitation, drinking water, housing, cooking fuel, and assets), health (nutrition and child mortality), and education (school attendance and years of schooling). Every dimension has the same weight, and every indicator within a certain dimension has the same weight (11). Multidimensionally poor people are those who are lacking in at least one-third of the weighted indices (16). Hence, this study is based on the Rural MPI by changing some of the global MPI measure’s characteristics and including dimensions and indicators that can more accurately represent rural characteristics, particularly the unique characteristics of rural livelihoods and exposure to possible shocks.

This study employs the Alkire–Foster (AF) methodology for the ESS 2018/19. This method is a way of measuring multidimensional poverty. The Foster–Greer–Thorbecke (FGT) One-dimensional poverty class of metrics is extended to a multidimensional environment by the Alkire–Foster technique. It uses a counting identification approach, which is based on the FGT metrics of poverty (52). A household is considered poor if it exhibits deficiencies in a minimum of k indicators, where k can range from 1 to the overall count of indications included in the study. Based on the chosen deprivation cutoff for each indicator, they employ a two-stage cutoff method, wherein initially, it is essential to determine whether or not each household is deprived in each indicator. Step two involves choosing a value for k and classifying as multidimensionally poor every household who is deficient in k or more indices. The multidimensional index of poverty is generated by this method. Its two components are the average proportion of deficiencies experienced by those living in poverty, or the average intensity of poverty, and the headcount of multidimensional poverty, additionally recognized as incidence. Essentially, the adjusted multidimensional headcount ratio ([image: It seems like there is a problem with the image upload. Please try again and ensure the image file is correctly uploaded.]) is the product of the incidence (H) and the intensity (A) (11).

The local context and data availability are taken into consideration in the works on multidimensional poverty metrics (10, 11, 16), and we selected five dimensions (nutrition and health, education, living standards, rural livelihoods and resources, and risk) and sixteen indicators of rural multidimensional poverty index (MPI) in Ethiopia (Table 1). We dispersed the weights equally within each dimension according to the number of indicators taken into consideration, and we applied equal weights across all dimensions. Each indicator compares a household’s achievements to a set of deprivation cutoffs to determine whether or not the household is considered deprived. The score of multidimensional deprivation profiles for each household is measured by the Alkire–Foster dual-cutoff counting approach (11), and it categorizes a household as multidimensionally poor if the weighted deprivation score is equal to or greater than 0.333 (16). Finally, stata package mpitb is used to estimate and analyze the multidimensional poverty indices (53, 54).



TABLE 1 Dimensions, indicators, deprivation cutoffs, and weights of the Rural MPI.
[image: A table detailing deprivation indicators across several dimensions—Nutrition and Health, Education, Living Standards, Rural Livelihoods and Resources, and Risk. Each dimension lists specific indicators, conditions under which deprivation occurs, and the corresponding weight. Indicators include child malnutrition, health services, years of schooling, school attendance, electricity, sanitation, drinking water, housing, cooking fuel, assets, child labor, extension services, agricultural asset adequacy, social protection, credit denial, and exposure to risks. Weights range from one-tenth to one-thirtieth for each item, indicating their relative importance.]

Data from the fourth wave of the ESS for 2018/19 are used to compute the Rural MPI. This study uses nutrition and health as the first dimension with indicators of child malnutrition and health. Using the anthropometric data on children that are currently available, malnutrition in children is calculated. Children under the age of five are classified as malnourished if their z-score for either height-for-age (stunting) or weight-for-age (underweight) is less than two standard deviations from the reference population’s median. The health indicator is the use of health insurance; the household is deprived when there are no family members who utilize health insurance (16, 21, 55). This study used education as the second dimension. The years of schooling and school attendance were used as indications for constructing the education dimension. 13 years of age or older is the minimum age for schooling as the indicator characterizes as deprived anyone with less than 6 years of education. Likewise, anyone studying in the eighth grade or lower, which comprises all children aged from seven to fifteen, is required to attend school (16).

To categorize rural households as deprived or not, the living standards dimension which comprises electricity, better sanitation, drinking water, housing, cooking fuel, and asset indicators is crucial. Sawdust, dung/manure, crop residue, gathered firewood, and charcoal are not considered clean cooking fuels in Ethiopia. The traditional latrines without a slab and shared or non-existent toilet facilities are included in the non-improved sanitation. According to (56), surface water from lakes or rivers, unprotected dug wells, unprotected springs, tanker trucks, piped water from a kiosk or merchant, and carts with small tanks or drums are among the sources of non-safe drinking water. There is no solar energy or electricity in the home. In addition, bamboo, wood, mud, and plastic canvas make up the roofs, while dung and mud make up the flooring and walls of the houses. Computers are not taken into account in the asset indicator when listing the possessions of households (16, 57).

The variables child labor, extension services, agricultural assets adequacy, and social protection were used as indicators for constructing the dimension of rural livelihoods and resources. Child labor has an age threshold of 11 years according to the International Labour Organization, 1973. Furthermore, if a household participated in an extension program or received any advisory services, that information was used to generate Ethiopia’s extension services indicator. Adequate agricultural assets are those that are operated on household land that is located in the lowest 40 percent of the cumulative distribution. The government’s social protection indicator, or iddir, represents the members of a family who get social assistance or a pension. Iddir is a mutual aid funeral organization that helps its members get by socially when a family member passes away. Any member of iddir has the right to use the funds needed to plan and finance a funeral, as well as to assist the family of the member throughout the grieving process (16). Lastly, the risk dimension consists of two indicators credit refusal, and exposure to risk and coping mechanisms. Droughts, floods, intense rains that hinder work, crop damage, changes in food prices, increases in the cost of agricultural inputs, livestock losses, fires, and displacement are examples of covariate shocks in Ethiopia. Some examples of non-formal/inadequate coping mechanisms in the indicator of risk exposure and coping strategies are selling household assets, altering dietary habits, and increasing work hours (16).

This study presented the application of the rural multidimensional poverty index to the Ethiopian context. Due to data availability constraints and limited information, two indicators in the original rural multidimensional poverty index were removed. Hence, this study’s rural multidimensional poverty index included sixteen indicators across five dimensions: nutrition & health, education, living standards, rural livelihoods & resources, and risk. Finally, given the mentioned data limitations, the weights of the indicators within different dimensions were rescaled, as shown in Table 1 following the work of FAO and OPHI (16), while maintaining equal weights across dimensions. The weights were redistributed equally within each dimension based on the number of indicators considered (17, 26).



2.3 Crop commercialization index measures

There is no standard definition and measurement of the agricultural commercialization concept. Even though some researchers have considered agricultural commercialization as the growing of cash crops, others have defined agricultural commercialization as not limited to cash crops only as some proportions of food crops are sold for cash, and some proportions of cash crops are consumed at home for example in case of groundnuts in West Africa where a large proportion of groundnuts produced are consumed at home though it is considered as a market-oriented commodity (58). Agricultural commercialization is not only the selling of output but also includes product choice and input use decisions that are based on the profit maximization principle (36, 59). It is central to a structural transformation of agricultural production from growing crops for home consumption to growing some or all crops for sale, and this may facilitate specialization, technology adoption, and greater access to markets and roads that enable farmers to have higher yields and earn cash income. This plays a critical role in improving rural farm household welfare (such as consumption, nutrition, food security, and hunger), economic growth, and sustainable rural development (39, 58, 60, 61). The empirical evidence has also pointed out that agricultural commercialization has an important significant effect on achieving farm household food security, moving out of poverty, increasing income, asset growth, and diet quality improvement (40, 41, 43, 58). The production of marketable surplus staple food crops is usually the most common initial form of commercialization among smallholder farmers (59). Commercialization can potentially create markets for both inputs and outputs, thus pulling investment in rural areas to provide ease of access to goods and services for smallholder farmers and population needs (36).

The household crop commercialization index is defined as a ratio of the gross value of all crop sales per household per year to the gross value of all crop production (62, 63). Most empirical studies adapt it to measure the commercialization of single or some crops (22, 41, 64) and all crops (23, 37, 39, 40, 43, 60, 65). Based on the widely used in the literature and to avoid the potential bias raised when focusing on only one crop (42), hence, this study considered all produced crops by rural households for measuring the household crop commercialization index as the ratio of the total value of all crop output sold to the total value of all crops produced for the production year. This method is used as a standard and more comprehensive approach for measuring household crop commercialization index and to analyze the causal relationship between rural household crop commercialization and multidimensional poverty among administrative zones of Ethiopia. The household crop output market involvement in annual crops is expressed as a percentage of crop sale value to crop production value overall; this is known as the crop commercialization index, or CCI (58, 66, 67) specified as in Equation 1.

[image: Equation showing the Customer Competitiveness Index (CCI) as a fraction. The numerator is the sum of average price times sales quantity across products, while the denominator is the sum of average price times quantity across products, multiplied by one hundred.]

Where [image: The image shows the mathematical notation "s" with subscripts "i" and "k".] is the quantity of output k sold by household i evaluated at an average region level price [image: A mathematical notation showing the variable "p" with a subscript "k" and an overline indicating an average or mean value.] and [image: "Stylized calligraphic letter 'Q' with subscript 'ik' indicating a mathematical expression or notation."] is the total quantity of output k produced by household i.

The index measures the extent to which household crop production is market-oriented. A value of zero for the CCI shows a completely subsistence-oriented household. The households’ crop commercialization index greater than zero is assigned as treated (crop commercialized household) otherwise a control group.



2.4 Propensity score analysis for multilevel data

The propensity score analysis for causal inference involves the following key steps (48): First, assessment of critical covariates that could be considered as potential confounders of crop commercialization based on theoretical or empirical importance. Second, estimate the propensity score by generalized linear mixed-effects model. Third, conditioning on the propensity score methods, such as inverse probability treatment weighting and optimal full matching. Fourth, check covariate balance with metrics such as the absolute standardized mean difference. Researchers may repeat from second to fourth steps to re-estimate the propensity scores using a propensity score model until adequate balance is achieved. The final step in propensity score analysis is an estimation of the treatment effect.

In this study, we estimated the average treatment effect (ATE) using propensity score (PS) methods with multilevel data, that is, every household i in cluster j is non-randomly assigned to either the control group (t = 0) or treatment group (t = 1). Bannor and Melkamu (68) defines the ATE as [image: Expected value of y sub i j superscript t minus the expected value of y sub i j superscript c.] where [image: Mathematical notation depicting the expected value of \(y\) with subscripts \(i\) and \(j\) and superscript \(t\), denoted as \(E(y_{ij}^{t})\).] represents the expected value of the outcome for every individual in the treatment condition, and [image: Mathematical expression showing the expected value, \(E\), of the variable \(y\) subscript \(ij\) with superscript \(c\).] is the expected value of the outcome for every individual in the control condition (49, 69, 70). According to (71), treatment assignment must be unconfounded or strongly ignorable, meaning that prospective outcomes must be apart from the prescribed course of treatment conditioned on covariates and cluster effects [image: Mathematical notation expressing conditional independence. Variables \(y_{ij}^{t}\), \(y_{ij}^{c}\) are conditionally independent of \(t_{ij}\) given \(X_{ij}\) and \(u_{j}\).] For clustered data, even if we collect a sufficiently comprehensive set of pre-treatment variables that influence the treatment and outcome, unmeasured cluster effects [image: Mathematical notation showing a lowercase "u" in bold italic font with subscript "j", enclosed in parentheses.] that are connected to the outcome and the treatment could exist. Therefore, if the cluster effects [image: Mathematical expression showing a lowercase "u" in bold, with a subscript "j", enclosed in parentheses.] are seen, the average of the possible outcomes can be determined. Considering that the cluster effects are never noticed, so to identify the causal parameter, we make the confounder at the unit level [image: Mathematical notation showing an uppercase letter X with subscripts i and j in italics.], and unreported cluster-level confounding [image: Italicized lowercase "u" with subscript "zero j".] is independent. Strong ignorability for ATE estimation involves both [image: Mathematical equation showing expected values: \( E(y_{ij}^f , t_{ij} = 1 \vert X_{ij}, u_j ) = E(y_{ij}^f , t_{ij} = 0 \vert X_{ij}, u_j) \).] and [image: Expected value equation comparing two conditions. The expected value of \( y_{ij}^C \) given \( t_{ij} = 0 \), with predictors \( X_{ij} \) and \( u_j \), equals the expected value of \( y_{ij}^C \) given \( t_{ij} = 1 \), with the same predictors.] (49, 72, 73).

Under the ATE, a portion of the propensity score distribution where values for individuals who have received treatment and those who have not is known as the overlap of PS distributions, or enough common support. The stable unit treatment value assumption, or SUTVA, stipulates that study members’ prospective outcomes must be unaffected by the other members’ treatment status and the assignment method. Because members of the same cluster might influence each other’s possible outcomes through interpersonal communication and resource sharing, multilevel data may result in SUTVA breaches. We employed PS techniques in this study with the assumption that SUTVA holds (49, 73, 74).

The multilevel models for the estimation of the treatment effect were implemented with inverse probability treatment weighting and optimal full matching propensity score techniques. Random effects are incorporated into the propensity score model in the propensity score approaches for hierarchical data. They demonstrate how unmeasured heterogeneity resulting from the exclusion of cluster-level confounders in propensity score analysis can be captured by random effects (45, 75). When using a multilevel study design, selection bias caused by clustering may be reduced by taking cluster effects into account in the PS model or the outcome model. However, combining the two approaches will result in the greatest reduction of bias (47, 49, 76). The propensity score for multilevel data using the suggested multilevel logistic regression with random effects is [image: Mathematical equation representing the expected value \( e(X_{ij}, u_{0j}) \) equals the probability \( P(t_{ij} = 1 | X_{ij}, u_{0j}) \), showing conditional probabilities.] (48).


2.4.1 Propensity score model for multilevel data

One major challenge in evaluating the multilevel data is estimating the propensity scores for the entire sample using a fixed-effect logistic regression model. This is because confounders’ impact on treatment choice might differ throughout clusters. For estimating the propensity score, we examine the possibility of modeling this variance using a random intercept in a multilevel logistic regression model, which is equivalent to a generalized linear mixed-effects model (46, 47, 49, 77):

[image: The image shows a mathematical equation: \( g\left( E(t | u_{0j}) \right) = X\beta + u_{0j} \) labeled as equation (2).]

where t is the (n × 1) vector of treatment (crop commercialization), [image: A stylized, lowercase "x" in a serif font on a white background.] denotes the [image: The image shows a mathematical expression representing the multiplication of two variables, \( n \) and \( p \).] matrix of fixed effect covariates, [image: The Greek letter beta.] is the [image: Mathematical expression showing "p times l".] unknown vector of parameters for the fixed effects, [image: The image shows the mathematical expression "u subscript zero j" in bold font.] denotes the random intercept of administrative zone j by variance [image: Lowercase Greek letter tau, followed by a comma.] and [image: Mathematical expression: lowercase letter "g" followed by parentheses containing a dot, representing a function notation.] denotes the link function, in this case, the logit link function for binomial distributed treatment.



2.4.2 Propensity score methods for multilevel data

This study focused on the application of propensity score methods for estimating treatment effects with multilevel data obtained from observational studies. Propensity score methods are a group of strategies that aim to reduce selection bias by balancing differences between treated and untreated individuals on observed covariates. This study considered the propensity score methods, inverse probability treatment weighing, and optimal full matching to estimate treatment effects with multilevel models through the creation of weights, and estimation of weighted models with the multilevel pseudo-maximum likelihood estimation method (78).

The inverse probability of treatment weighting (IPTW) is the propensity score weighting technique that directly uses the estimated propensity scores to adjust for confounding bias. For estimating the ATE, propensity score weights or inverse probability of treatment weights (IPTW) to multilevel settings are given by [image: Mathematical expression showing \( w_{ij} = \frac{1}{\hat{e}_{ij}} \).] for treated individuals and [image: Formula showing \( w_{ij} = \frac{1}{1 - \hat{e}_{ij}} \).] for control individuals, where [image: Mathematical notation displaying a lowercase letter "e" with a circumflex accent above it, followed by the subscript "i" and "j".] denotes the estimated propensity score for the ith household in the jth administrative zone. The generalized linear mixed-effects model is used to estimate [image: Mathematical notation displaying the letter "e" with subscript "i" and "j".]. The propensity score-based weights are applied to individuals in a sample to create a pseudo-sample balanced on the observed covariates between treatment groups.

The optimal full matching (OFM): with optimal matching, the treated individuals in the data set are matched with untreated individuals by minimizing the total distance between treated and untreated matched pairs (79). Unlike the matching methods, which may discard unmatched individuals, full matching forms matched sets that contain at least one treated and at least one control individual using the entire sample (80). The goodness of fit of these models can be checked by diagnostics of covariate balance (81), checking the balance of the weighted distribution of covariates in the two treatment groups. Once propensity scores have been estimated by Equation 2 and decisions have been made with respect to their utility, assessment in balance can be achieved by the calculation of the standardized difference for means (79).



2.4.3 Multilevel model to estimate treatment effect

The final step of a propensity score analysis is the estimation of the average treatment effect (ATE) using a generalized linear mixed-effects model with the weights obtained from the propensity score method. To evaluate the treatment effect, the specification of a multilevel model for the outcome is

[image: The formula represents a generalized linear mixed model equation: \( g(\mathbb{E}(y_{ij})) = \gamma_0 + \gamma_1 t_{ij} + u_{0j} \), where \( u_{0j} \) is normally distributed with mean zero and variance \( \tau \).]

where [image: Mathematical notation of the variable \( y \) with subscripts \( i \) and \( j \).] is the multidimensional poverty for rural household i ([image: Mathematical expression showing an index variable \(i\) ranging from 1 to \(n_j\).]) in cluster j ([image: \( j = 1, 2, \ldots, 59 \)] administrative zones), [image: Greek letter gamma with a subscript zero.] represents the intercept, [image: Lowercase Greek letter gamma followed by the subscript one.] represents the treatment effect, [image: Lowercase italic letter "t" on a white background.] represents the dummy indicator of crop commercialization of rural households, and [image: Mathematical notation showing "u" with a subscript "0" and "j".] is the random intercept of zone j with variance [image: Lowercase Greek letter tau followed by a period.]

Weights from propensity score methods can also be estimated using multilevel modeling techniques using sample weights (49, 82). The maximum likelihood estimation method for multilevel modeling (generalized linear mixed-effects model) with PS weights as sampling Weights allows for effectively handling multilevel data structures (47, 49, 77). Next, for multilevel modeling, we utilized R 4.0.2’s glmer function from the lme4 packages (83), which accepts precision weights but not sampling weights. Whereas precision weights are inverse variances, sampling weights are inverse probabilities of selection. Standard error estimates will vary, but treatment effect estimates will remain the same whether PS method weights are treated as sampling weights or precision weights. By employing weights from PS techniques, one hopes to prevent bias in parameter estimates and standard errors, much like sample weights do. However, one does not aim to increase the precision of the treatment effect (49, 82).





3 Results


3.1 Descriptive analysis

From the actual 3,239 rural households interviewed during the ESS 2018/19, we excluded households who were only administered for all agriculture data (post-planting, post-harvest, and livestock) or the household data or post-harvest agriculture data that was missing due to security problems (50). We also excluded missing values. Finally, in this study, 2,714 households living in rural areas of Ethiopia were analyzed. The descriptive analysis of rural household multidimensional poverty measures was estimated by the Alkire–Foster method to the ESS data of 2018/19. The multidimensional headcount ratio (H) and adjusted multidimensional headcount ratio ([image: It seems like there might be an issue with the image upload or reference. Please try uploading the image again or provide a URL so I can generate the alt text for you.]) estimates are provided. The estimated incidence of poverty (multidimensional headcount ratio) demonstrated that 47.8% of the rural households of Ethiopia were multidimensionally poor. Moreover, the poverty rate considering the adjusted multidimensional headcount ratio is 20.1%. These poverty levels are lower than the study by Oxford Poverty and Human Development Initiative (OPHI) which indicated that the incidence of multidimensional poverty is higher in rural areas (55%) than in urban areas (16%) of Ethiopia in 2016 (15).

The multidimensional poverty of rural households is broken down into many household categories. The study estimates various multidimensional poverty indices using sixteen indicators, five dimensions, and the Alkire–Foster approach. Table 2 provides an overview of the multidimensional poverty dimensions and indicators for the full sample, illustrating the differences between households. It is important to note that explore which dimensions of poverty are deprived empirically in rural poor people of Ethiopia. The findings indicate that the living standard component is more deprivation-prone for the poor (26%), with nutrition and health coming in second (21.7%). These deprivations may be due to rising food prices. When it comes to the relative contributions of each dimension’s indicators, health is the most disadvantaged group (21.4%) for poor people, followed by risk exposure and coping mechanisms (13.5%). Our analysis result is in agreement with the study done by Amao et al. (84) and Mare et al. (20) found that the largest contributor to multidimensional poverty was living standards. According to another study, for the majority of the world’s regions, the multidimensional poverty index in rural areas is influenced more by the weighted living standards indicators than it is in urban areas (15). In Sub-Saharan Africa, where 5.9 percent (34.2 million) of the impoverished are accounted for, the standard of living is also the most prevalent deprivation profile (26).



TABLE 2 Summary of rural multidimensional poverty index (R-MPI) dimensions and indicators.
[image: Table depicting dimensions and indicators of the Multidimensional Poverty Index (MPI) from the Ethiopian Socioeconomic Survey 2018/19. Dimensions include nutrition and health, education, living standards, rural livelihoods, and risk, with respective MPI values of 0.217, 0.183, 0.260, 0.191, and 0.149. Indicators like child malnutrition, electricity, and social protection have specific values. The highest MPI dimension is living standards at 0.260.]

In this investigation, the variation of multidimensional poverty for rural households by crop commercialization, gender, and region was presented. The comparison across these different groups shows the disparity of poverty. The results of rural multidimensional poverty index (RMPI) decomposition by treatment (crop commercialization) and gender group are presented in Table 3. The incidence of poverty is higher among completely subsistence households (53.8%) than among crop-commercialized households (39.4%) which imply that commercialized households are better off. The poverty rate for completely subsistence households (22.8%) regarding adjusted multidimensional headcount ratio is higher as compared to commercialized households (16.2%). In terms of the contribution of each domain, the commercialized households are less impoverished in terms of nutrition and health, living standards, and rural livelihoods & resources dimensions, while rural households are most deprived in the education and risk dimension, implying that crop commercialization improves household wellbeing.



TABLE 3 Rural multidimensional poverty index (R-MPI) dimensions and indicators decomposition by subgroups.
[image: A table displays data on crop commercialization status, gender, and total indices by subgroups, along with dimension contributions. Indices include H, Mo, and the share of the population under completely subsistence (CS) and crop commercialized (CC) conditions. Contributions under each dimension cover nutrition and health, education, standard of living, rural livelihoods and resources, and risk, with totals provided. This data is based on the Ethiopian Socioeconomic Survey (ESS) 2018/19.]

Table 3 presents the rural MPI estimates using the latest ESS-2018/19 and indicates that the gender of the head of the household differences in poverty, female-led households are poorer than male-headed ones regarding the multidimensional headcount ratio. The findings indicate that compared to 46.7% of households headed by males, 51.2% of households headed by females are impoverished. Female-headed households (21.7%) are more deprived in terms of adjusted multidimensional headcount ratio than male-headed households (19.5%). The living standard component reveals greater disparities between families led by males and females in terms of each domain’s contributions. For the living standards dimension, female-headed households (26.7%) have a higher adjusted multidimensional headcount ratio ([image: Please upload the image or provide a URL so that I can generate the alternate text for you.] than male-headed households (25.7%). This implies that female-headed households contributed more to poverty. This finding is consistent with the previous studies by (85), which demonstrate that female-headed households had a higher probability of being poor as compared to male-headed households using multidimensional indicators of poverty. The female-headed households are significantly more likely to be poor compared to those in households headed by males in Ethiopia, South Sudan, and Sudan, while in Somalia, those living in male-headed households are more likely to be identified as multidimensional poor (86). Moreover, Covarrubias (87) in Mexico shows that the multidimensional poverty is greater for females than for males.

Table 4 demonstrates the deprivation profiles of poor people across ten administrative regions of the rural part of Ethiopia. The decomposition of rural MPI by region demonstrated that different regions had different levels of poverty. Examine the distributions of rural multidimensional poverty across different regions, with a particular focus on the multidimensional headcount ratio; the Afar area has the largest percentage of impoverished individuals (79.6%) and then the Somali (75.3%) and Gambela regions (62.8%), respectively. However, in the Amhara region, the incidence of poverty is the least (29.1%) next to Harar (29.5%) and Tigray (32.7%).



TABLE 4 Rural multidimensional poverty index (RMPI) breakdown according to regions.
[image: Table showing the multidimensional poverty indices for various Ethiopian regions. Columns include indices according to subgroup (absolute), subgroups' contribution to indices (%), and each dimension's contribution (%). Regions listed are Tigray, Afar, Amhara, Oromia, Somali, Benisha., SNNP, Gambela, Harar, Dire da., and Total. Indices cover nutrition and health, education, standard of living, rural livelihoods and resources, and risk, based on computations from the Ethiopian Socioeconomic Survey 2018/2019.]

Regarding the adjusted multidimensional headcount ratio ([image: Mathematical expression displaying an italicized uppercase letter M with a subscript zero.]), this regional [image: Please upload the image or provide the URL so I can help generate the alternative text.] disaggregation of this multidimensional approach indicated that Afar (34.5%), Somali (32.45%), and Gambela (27%) were the most impoverished regions, respectively. Regarding its role in the nation’s general poverty, the greatest percentage of poverty occurred in Somali (17.3%) next to Afar (17.1%), and SNNP (13.8%) regions. The findings align with the research conducted by (15); in 2016, the multidimensional poverty index was greatest in Somali and Afar regions (57 percent each) of Ethiopia. This could be because these rural household areas are primarily used for the production of livestock with fewer crop production systems. The recurrence of drought in Afar and Somali regions often aggravates the vulnerability of the mentioned main household livelihood activities (88).



3.2 Propensity score analysis

For the first step, we obtained a sample from ESS with 2,714 rural households nested in 59 administrative zones. The number of rural households per administrative zone was 8, 141, 46, and 30.02 at the lowest, highest, mean, and standard deviation, respectively. Out of the total sample of 2,714 rural households, the treatment group (crop commercialized) contains 1,129 (41.6%) observations, and the percentages of rural households implemented crop commercialization among the administrative zone values ranging from 0 to 3.43%; this indicated administrative zone-level treatment heterogeneity (Table 5). The sample of the ESS of 2018/19 was obtained with a two-stage stratified random sampling technique, but this study was only representative of the rural category of ESS data and not urban areas households. For this reason, sampling weights were not used in this investigation.



TABLE 5 Descriptive characteristics of rural households in this poverty study based on crop commercialization.
[image: A table comparing commercialized and subsistence groups based on various variables and their p-values. Variables include demographics, financial information, and agricultural practices. The commercialized group shows higher education and improved seed use, while the subsistence group shows higher chemical fertilizer use. Significant differences in most variables are highlighted by bold p-values.]

The choice of covariates is crucial for the analysis’s empirical sections. Regarding the propensity score model estimation, we examined the connections between crop commercialization and potentially confounding risk factors. The covariates were selected based on theory and prior empirical research to identify all predictors of crop commercialization status. The data-driven variables were chosen using the weighted t-test for a continuous covariate and the Rao-Scott chi-square test for categorical covariates. SURVEYFREQ and SURVEYMEANS procedures from SAS 9.4 were applied. The binary coding of the categorical covariates allowed for the reporting of the covariates’ estimated means and prevalence in Table 5. The findings show that there were statistically significant differences in 21 covariates (gender of household head, education of household head, currently married, married before (widowed/divorced/separated), participation in productive safety net program, saving, being a formal financial institution’s customer, use improved seed, use chemical fertilizer, exercise crop rotation, age of the household head, household size, land size, livestock holdings, remittance, total household hours for agricultural activities, distance to nearest major road, distance to the nearest market, distance to the capital of region residence, distance to the nearest formal financial institution, and total income from livestock sales in birr) out of 23 covariates between the crop commercialized and the complete subsistence groups of rural households. It means that the risk factors for the two groups differed systematically from one another.

For propensity score analysis, first, we identified 21 relevant covariates (Table 5), second, specify the generalized linear mixed model and estimate the propensity scores, and third, condition on propensity score techniques such as inverse probability of treatment weighting and optimal full matching. Fourth, we assessed covariate balance and found the failure of covariate balance might lead to re-estimating the propensity scores. So, based on Greifer and Thoemmes (89) recommendation, we repeat from second to fourth steps. Finally, we estimated propensity scores using a generalized linear mixed model of main effects by crop commercialization status on the selected 11 covariates identified as potential confounders (gender of head of the household, education of the head of the household, participation in productive safety net program, being a formal financial institution’s customer, use chemical fertilizer, exercise crop rotation, total household hours for agricultural activities, distance to nearest major road, distance to the nearest market, distance to the nearest formal financial institution, and total income from livestock sales in birr) of individual level and without cluster-level covariate, that is, random intercept model with lme4 package of R. Next, two sets of weights are established: one from the inverse probability of treatment weighting (IPTW) and the other from optimal full matching (OFM), using the predicted propensity score as a guide. These PS methods of weights across clusters help to reduce selection bias in the average treatment effect (ATE) estimates and evaluate covariate balance. The MatchIt package of R 4.0.2 was used to carry out the OFM (90). The advantages of optimal full matching (OFM) are that the matching order is not required to be specified and units do not need to be discarded. Unlike other distance matching methods, full matching can be used to estimate the ATE (90). The IPTW was performed with the WeightIt (91) package of R 4.0.2.

Examine the overlap assumption (the common support) in the crop commercialized and completely subsistence groups’ distribution to estimate the propensity scores that consider the data’s hierarchical structure. By comparing the crop commercialized and complete subsistence distributions using density plots and histograms, we assessed common support for the full sampled data and determined that it was sufficient (Figures 1, 2). The purpose of the PS adjustment is to produce study sampling data where the covariates are distributed similarly in the crop-commercialized and completely subsistence groups.

[image: Histogram displaying propensity scores. Frequency is on the y-axis, ranging from 0 to 400, and propensity scores on the x-axis, ranging from 0.0 to 1.0. The chart distinguishes between completely subsistence (shaded) and crop commercialized (gray) scores, with subsistence scores peaking near 0.0 and commercialized scores more evenly distributed.]

FIGURE 1
 Common support using histograms of crop commercialization’s estimated propensity score using a random intercept model.


[image: Line graph showing propensity scores against treatment levels. Two lines are present: a solid line for completely subsistence-oriented households peaking around a propensity score of 3 at low treatment levels, and a dashed line for commercialized households, rising steadily to peak around 0.8 treatment.]

FIGURE 2
 Common support using density plots of crop commercialization’s estimated propensity score using a random intercept model.



3.2.1 Covariate balance assessment

To evaluate the covariate balance, we used the twang package (92) of R to get the weighted standard deviation for the complete sample as well as the weighted averages for each covariate in the crop commercialized and completely subsistence groups. The weighted absolute standardized difference was estimated. There is no clear consensus on what value of a standardized difference represents a key covariate balance between the sample participants who received treatment and those who did not. Several scholars have suggested that the absolute standardized mean difference (ASD) values [image: Please upload the image or provide a URL, and I can help generate the alternate text for you.]0.1 indicate that a covariate is adequately balanced between groups (93, 94). We achieved adequate covariate balance with IPTW; after the propensity score adjustment, the distributions for the two groups are nearly comparable; however, the ASD for two OFM variables was greater than 0.1. The results confirmed that the maximum absolute standardized mean difference was 0.154 for OFM (Table 6). These findings show that various PS techniques can yield varying degrees of covariate balancing when they use the same PS vector. The only PS approach that achieved appropriate covariate balancing was IPTW; thus, we moved on to the next phase using it.



TABLE 6 Covariate balance between crop commercialized and completely subsistence households for unadjusted, OFM, and IPTW samples.
[image: A table comparing standardized mean differences of various variables across three methods: Unadjusted, OFM, and IPTW. Columns include CC, CS, and ASD values for each method. Variables listed are Gender HH, Education, Participation Psnp, Have account form fin, Chemical fertusen, Crop rotation, HHHRS agricultural, Distance road, Distance market, Distance financial, and Income Livestock sales. Abbreviations: CC (crop commercialized), CS (completely subsistence), ASD (absolute value of the standardized mean difference), OFM (optimal full matching), IPTW (inverse probability of treatment weighting).]

The logit and probit link functions of the generalized linear mixed model (GLMM) are compared using information criteria, and the logit link function of GLMM with lower Akaike information criterion (AIC) and Bayesian information criterion (BIC) values showed a better fitting model. Furthermore, the estimated variance explained by intercept differences in the zone (random effects) for the logit model (1.17) was larger than the probit model (0.42). The findings also suggested the existence of a statistically significant difference in the model with the random effect (zone) versus the one without it. Therefore, it is worth including the random effect for the zone because adding complexity to the model does improve it. Therefore, the GLMM with logit link was selected for analyzing crop commercialization’s impact on multidimensional rural poverty (Table 7).



TABLE 7 Model comparisons to evaluate random effect (administrative zones).
[image: Comparison table of models using logistic and probit GLMM. Both have AIC around 6457 and BIC around 6475. Logit GLMM has τ00 at 1.17 and ICC at 0.26, while probit GLMM has τ00 at 0.42 and ICC at 0.30. P-values are below 0.001 for both.]

In this study, we use the ESS 2018/19 data to estimate the ATE of households engaged in crop commercialization on rural multidimensional poverty by combining PS weighting with multilevel modeling. We estimated the ATE of crop commercialization on rural households’ multidimensional poverty applying a maximum likelihood (Laplace approximation) fit for a generalized linear mixed-effects model (GLMM) using the IPTW propensity score method as sampling weights. Next, we employed the R statistical software’s function glmer found in the lme4 packages (83).

In Table 8, we reported the estimates produced by the multilevel model with and without normalized weights. The treatment impact was expressed as the odds ratio of multidimensional poverty between rural households that were fully subsistence and those that were commercialized in terms of crops. The unweighted analysis’s estimations of the between administrative zone variance were lower than the normalized weights. Moreover, the ATE estimates without and with normalized weights indicate that rural households that were crop-commercialized showed a decline in being multidimensional poor compared to those households that were not crop-commercialized but had similar distributions of covariates. Though still statistically significant, the ATE estimates’ findings were less when weighted by IPTW than when they were not (Table 8). In addition, the results demonstrate that crop commercialization considerably (p < 0.01) lowered the likelihood of being poor, based on the weighted and unweighted treatment effects estimated. However, the unadjusted estimate of 0.75 (0.61–0.91) was less than the adjusted estimates, which raised the odds ratio. An odds ratio estimate of 0.79 (0.69–0.91) from the IPTW showed that rural households that commercialized their crops had a 21% lower probability of being poor than those that did not.



TABLE 8 Generalized linear mixed-effects models result in the impact of crop commercialization on rural households’ multidimensional poverty.
[image: Table showing fixed and random effects for unadjusted and normalized weights. For fixed effects, intercept odds ratios are 0.99 and 0.95, crop comm status odds ratios are 0.75 and 0.79, both significant at p<0.01. Random effects include variance of intercept at 0.81 and 1.17, and intra-class correlation at 0.20 and 0.26. Sample size is 2,714 with 59 zones.]



3.2.2 Assessing model quality

For computing indices of model quality and goodness of fit, use measures of intra-class correlation coefficient (ICC). It measures the proportion of variation in multilevel or hierarchical data that is accounted for by a grouping (random) component, and it is computed by dividing the variation between groups by the overall variance (95). We estimated [image: Italicized text displaying "ICC" with a subscript "GLMM".] from binomial generalized linear mixed-effects models (GLMMs) for binary data. The binomial distribution-specific variance [image: Mathematical notation showing the Greek letter delta with a squared superscript, followed by the subscript letter "d".] (for example, [image: Pi squared divided by three is approximately equal to three point two nine.] for binomial error distribution with the logit link function) for binary data (96, 97). In this study, for the binomial mixed models (logistic binomial GLMMs), the ICC value is 0.26. It is important to notice that ICC = 0.26, which is 26 percent of the total variance of rural multidimensional poverty, is due to administrative zones (random effects).




3.3 Crude prevalence and BLUP of multidimensional poverty of rural households

Figure 3 presents the BLUP estimates and crude prevalence of poverty for rural households (RMPI) across 59 administrative zones of Ethiopia. The estimates of the BLUP and crude prevalence estimates for each zone were imported into ArcMap 10.7 and mapped. The results of empirical kriging were interpolated to the regions where data were not collected, and the resulting map was used to the prevalence of multidimensional poverty metrics in rural areas. The regions with the greatest and lowest crude prevalence of rural households experiencing multidimensional poverty were denoted by the colors red and blue, respectively (Figure 3). The maps of crude prevalence show that there were zonal disparities in rural multidimensional poverty in Ethiopia. The lowest incidence was noted in some parts of western Tigray; North and south Gonder, Awi, west Gojam, East Gojam in Amhara region; Metekel in Benshangul-Gumaz; some parts of west Shewa, some parts of East Wellega, some parts of Jimma, and some parts of North Shewa in Oromia region, while the highest prevalence of multidimensional poverty was observed in the Welwel & warder, some parts of Shebelle, Dege Habur, Jijiga, some parts of Shinile, some parts of Liben of Somali region; some parts of Borena in Oromia region; and some parts of zone 1 and zone 2 in Afar region in Ethiopia.

[image: Side-by-side maps of Ethiopia showing RMPI data. Map A displays the Crude of RMPI Proportion with a color scale from light blue (low) to red (high). Map B shows the BLUP of RMPI with a similar color gradient. Both maps include a compass rose for orientation and a scale bar in miles.]

FIGURE 3
 Crude and estimated BLUP prevalence regarding rural households’ multidimensional poverty in Ethiopian administrative zones: (A) Crude of RMPI proportion, (B) BLUP of RMPI.


What we obtain from random effects are the conditional means given the observed data, which are the best linear unbiased predictions: BLUPs; random effects are random values rather than fixed parameters (98). Since the normal assumption typically shrinks these estimates toward zero, the results differ slightly from the fixed effects model. This research used GLMM to assess how different administrative zones perform on multidimensional poverty between Ethiopian rural households. A prediction of the true performance of each zone about the odds of being multidimensionally poor is shown in Figure 3. While a positive BLUP is linked to a greater likelihood of multidimensional poverty in the administrative zones, a negative BLUP is linked to a lower likelihood of multidimensional poverty in the administrative zones (99, 100). According to Figure 3, the best-performing administrative zone in terms of multidimensional poverty is the blue color, while the poorest-performing administrative zone is the red color.

The top five performing administrative zones were those with the lowest standardized BLUP values, and the top five worst-performing administrative zones were those with the highest standardized BLUP values concerning the likelihood of being multidimensional poor, according to the standardized BLUP estimates of each administrative zone (Figure 3). Accordingly, Awi, Oromia zone, North Wollo, and North Showa administrative zones across the region of Amhara, and Eastern Tigray administrative zone in regions of Tigray were the top best. The top poorest performing administrative zones in Ethiopia concerning the likelihood of being multidimensionally poor among rural households were Shebelle in the Somali region; Zones 2, 3, and 4 in the Afar region; and Konso special woreda in the SNNP region. In Ethiopian rural households, our article reveals that multidimensional poverty at administrative zonal levels varies significantly based on both crude and BLUP prevalence.




4 Discussion

We analyzed poverty in the measurement of a multidimensional approach using a representative sample of the latest Ethiopian socioeconomic survey data of rural households and provided evidence of the impact of crop commercialization on poverty. The Alkire–Foster method’s results for measuring multidimensional poverty indicate that there is a high level of multidimensional poverty in rural areas. A recent global multidimensional poverty index report indicates a high level of multidimensional poor population in rural Ethiopia (101). This study also showed living standard component is more deprivation-prone for the rural, multidimensional poor households of Ethiopia, with nutrition and health coming in second. Considering the relative contributions of each dimension’s indicators, health is the most disadvantaged group for multidimensional poor people of rural households, followed by risk exposure and coping mechanisms. This finding aligns with other studies in Kiribati and noted the high levels of deprivation in the living standards dimension of the entire rural population to multidimensional poverty (17). The study results in Ethiopia, Niger, and Nigeria also indicated that the living standards dimension contributes the most to the rural multidimensional poverty index (16). The previous study in Nigeria also confirmed that the living standard dimension of multidimensional poverty accounted for the largest share of deprivation suffered by rural women (102). The findings also showed that rural multidimensional poverty varied across crop commercialization, gender, administrative zones, and regions. The results also indicate gender differences in the experience of rural multidimensional poverty, showing that female-headed rural households are more affected by poverty than male-headed households. This finding is in line with Ichwara et al. (103) in Kenya and shows that the female-headed households have a higher probability of falling into poverty than male-headed households. Moreover, from the inter-household perspective in Brazil, female household heads are poorer than those in male-headed households. These results suggest that women are worse off than men in terms of employment, economic security, and access to resources (104).

We selected IPTW propensity score weighting methods to examine whether crop commercialization reduced the odds of being poor with the help of a generalized linear mixed-effects model. In this observational study, the findings show that rural households’ implemented crop commercialization significantly reduced the odds of being multidimensional poor. This result is consistent with the study done by Ogutu and Qaim (18) who remarked that commercialization significantly reduces multidimensional poverty headcount by 35% and has significant positive impacts on per capita income. It also showed that commercialization continuously reduces income-based poverty. Birhanu et al. (24) in teff-based mixed farming areas of Ethiopia also show cereal crop commercialization significantly reduces multidimensional poverty. The study conducted by Muricho et al. (65) in Kenya also found that agricultural commercialization significantly increases annual per capita household expenditure. In Rwanda and the Democratic Republic of Congo, the commercialization of bananas and legumes increases farm household incomes by 67% and contributes to improved household dietary diversity (41). The previous studies by the World Bank (34) have shown that poverty assessment studies within agriculture, the shift to cash crops, and the use of better seeds have reduced poverty. Specifically, the crop commercialized households have a diminishing impact on odds of being poorer due to the technology they have adopted as compared to their counterfactual group in reducing deprivations, i.e., improvements in welfare. The commercialization of farmers’ crops implies that higher agricultural yields can provide the necessary amount of revenue to lift people out of poverty. This supports the claim of (39, 105, 106) that the commercialization process helps to alleviate poverty among smallholders. Most of Ethiopian smallholders’ income comes from raising their livestock and crops rather than from outside the farm sources. Nevertheless, when compared to African nations, they do not make as much money from commercialization.

In this multilevel observational study, the estimated average treatment effect was lower with propensity score weights by IPTW than without the weighting approach. Moreover, by employing the maximum likelihood (Laplace approximation) fit of a generalized linear mixed-effects model with weights from propensity score techniques (IPTW), selection bias can be largely eliminated from the computed average treatment effect and its standard error. For clustered observational studies, propensity score methods taking account of the cluster structure reduce bias and are also necessary for valid standard error estimation. Previous studies have shown that the propensity score methods in multilevel observational studies reduce confounding bias compared to regression adjustment (107). Hence, incorporating unobserved cluster-level heterogeneity in propensity score and outcome analysis stages yields the least bias (47, 76). Several studies (45, 47, 48) have shown that the random effects model outperformed single-level models for propensity score estimation in reducing bias due to their ability to capture cluster-level heterogeneity. The results of this study demonstrated a considerable degree of spatial variability in rural multidimensional poverty both within and between Ethiopia’s administrative zones. The Ethiopian administrative zones’ varying climates could be the reason for this discrepancy. In Ethiopia, there was significant heterogeneity in rural multidimensional poverty at the administrative zonal levels, as indicated by the crude and BLUP prevalence. Using the standardized BLUP estimations of each administrative zone, the accomplishment of the administrative zones was measured regarding the likelihood of being multidimensional poor. The top best-performing administrative zones in reducing the chances of being multidimensional poor among rural households were found in the Amhara and Tigray regions. The administrative zones with the lowest performance rankings in reducing the likelihood of multidimensional poor across rural households in Ethiopia existed in regions of Somali, Afar, and Southern Nations, Nationalities, and Peoples (SNNP). This may be most of the time drought severely affects millions in the Somali, Afar Region, and southern parts of Ethiopia, and the majority of the rural poor in these regions (Afar, Somali) are pastoralists and agro-pastoralists who are dependent on livestock and farming for their survival and livelihood (35, 108). As a result, the BLUP ranking permits the lowest-performing zones with odds of being multidimensional poor to design appropriate interventions for a better way of moving out of poverty and enables the highest-performing administrative zones to recognize and enhance effective approaches.


4.1 Limitations of the study and areas for further research

The analysis of rural multidimensional poverty adds important implications for existing poverty literature and provides input to stakeholders for development policy design and for budget allocation targeted at overcoming rural multidimensional poverty in rural areas of Ethiopia. The study also provides limitations and suggestions on areas for future research. First, this study used the multidimensional poverty measure to obtain more direct insights into the experiences wherein rural households are deprived, accordingly, pointing to areas in which policy intervention should be directed. However, the availability of accurate and consistent data on specific areas is important for the effectiveness of the measurement. This may make results uncertain on the way toward better measurement. Hence, more work on advancements in the understanding and measurement of rural poverty with a multidimensional approach will be considered. Second, this study used the recent baseline Ethiopia socioeconomic survey 2018/19 (wave 4) data that revised the previous survey (wave 1, wave 2, and wave 3) instruments, module updates, and representative of all Ethiopian rural households. Hence, it may not be possible to compare rural multidimensional poverty across four waves without losing significant information. Third, this research unit of analysis was based on both the household level and administrative zone level; the results may vary by mediator variable. Thus, future research may use the household level, administrative zone level, and mediator variable unit of analysis that better reflects the real crop commercialization effect differences on multidimensional poverty reduction through mediator variables by incorporating administrative zone heterogeneity.




5 Conclusion

The majority of the earlier poverty research centered on the income or consumption expenditure approach. This study uses five dimensions with sixteen indicators to construct the multidimensional poverty index using Ethiopian Socioeconomic Survey data. This analysis also employs the Alkire–Foster counting technique for computing rural households’ multidimensional poverty and the distribution of poverty for various groups, such as crop commercialization, gender, administrative zone, and region. A generalized linear mixed-effects model with the propensity score technique (inverse probability treatment weighting) was used in the study to investigate the impact of crop commercialization on multidimensional poverty. This study’s empirical finding in rural multidimensional poverty of Ethiopia indicates that the living standard component is more deprivation-prone for the poor, with nutrition and health coming in second. The relative contributions of each dimension’s indicator to multidimensional poverty; health is the most disadvantaged group for poor people of rural households, followed by risk exposure and coping mechanisms. The findings also demonstrate that the BLUP estimates of multidimensional poverty vary substantially across Ethiopia’s administrative zones. Based on the results of this research, we infer that crop commercialization has a proactive impact on households’ likelihood of being multidimensional poor. Hence, the empirical result provides that increasing crop commercialization is the greatest important element directly accountable for the alleviation of Ethiopian rural areas experiencing multidimensional poverty. Addressing administrative zone variations of multidimensional poverty should also be a key component of poverty reduction strategies.
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Background: Despite significant progress in addressing underweight in developing countries, the recent rise in the number of overweight and obese individuals has confirmed that the double burden of malnutrition will remain a crucial problem in the foreseeable future. Some countries that previously succeeded in reducing underweight rates are now experiencing a resurgence. Initiatives in sub-Saharan African (SSA) countries aimed at reducing malnutrition often lack robust evidence. This study aimed to identify risk groups for malnutrition among women of reproductive age in SSA countries and prioritize intervention areas.
Methods: This analysis utilized data from 247,911 reproductive-age women across recent demographic and health surveys conducted in 33 SSA countries. Nutritional status was assessed using body mass index (BMI). We computed the pooled prevalence of different forms of malnutrition using the random effects inverse variance method. We evaluated the factors associated with different forms of malnutrition using multilevel multinomial regression. We reported the adjusted odds ratios and 95% confidence intervals (CIs).
Results: The pooled prevalence of underweight, overweight, and obesity among SSA women was 11% (95% CI: 9–12%), 18% (95% CI: 16–20%), and 10% (95% CI: 8–12%), respectively. Significant factors influencing malnutrition included women’s age, highest educational level, wealth index, current breastfeeding status, contraceptive use, parity, media exposure, marital status, place of residence, and regional location within SSA. Factors such as education, wealth, age, contraceptive use, parity, and marital status were risk factors for overweight and obesity but were protective against underweight. Employment was protective against all three malnutrition forms.
Conclusion: Increased age, wealth index, not-breastfeeding status during the survey, contraceptive use, higher parity, marital status, urban residency, and living in southern or central Africa are associated with higher odds of increased BMI and lower odds of underweight. In designing interventions for overweight and obesity, emphasis should be given to the wealthy, reproductive-age women in later age, urban residents, and multiparous. Whereas the poorest and youngest is priority intervention segments for underweight.
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Introduction

While significant progress has been made in developing countries in addressing underweight, the recent development of overweight and obesity has affirmed that the double burden of malnutrition will remain a crucial problem in the foreseeable future (1). Globally, the increasing mean body mass index (BMI) has significantly raised the burden of diseases linked to high BMI (2, 3). Accompanying the increase in mean BMI, the prevalence of overweight and obesity is rising at an alarming rate in many parts of the world. In 2022, the World Health Organization (WHO) reported that 2.5 billion adults aged 18 years and older were overweight, and 890 million adults were obese (4); this translates to 43 and 16% of the world’s adult population being overweight and obese, respectively (4). In Africa, the prevalence of overweight and obesity either doubled or tripled in half of the 24 countries in urban areas (5). The pooled prevalence of underweight, overweight, and obesity from Demographic and Health Surveys (DHS) of 32 African countries was 8.87, 16.47, and 6.10%, respectively, among reproductive-age women (6). The prevalence of undernourishment in the general population globally was 19.1% in 2019, and this figure is expected to increase to 25.7% by 2030 (7).

While undernutrition is known to affect developing countries, including SSA, the burden of overweight and obesity is no longer concentrated in high-income countries and affluent communities of developing countries (8). The prevalence and mortality are rising at an alarming rate among LMICs and the lowest decile of the community in the wealth index due to the rapid nutrition transition (9, 10).

From 2000 to 2019, the age-specific death rate (ASDR) in Africa increased annually by 0.86%, while in Europe and America, it decreased annually by −1.16% and −0.27%, respectively (9). This stark contrast highlights the severity of the health challenges faced by Africa. Additionally, regions such as SSA grapple with the dual burden of undernutrition and the rising prevalence of overweight and obesity (11, 12).

Several studies evaluated the factors associated with underweight, overweight, and obesity. For example, older age, being married, higher economic status, being employed, urban residence, and alcohol use were associated with overweight and obesity in Zimbabwean women (13). Whereas, maternal age, education, wealth index, watching television, and contraceptive use were factors associated with the outcome among Bangladeshi women (14). Another study from Malawi evaluated individual and community-level factors of overweight and obesity (15). The results indicated that women in the age group 15–19 years and from the poorest households reduced the odds of overweight and obesity. At the community level, women from the urban areas, with a lower percentage of media exposure, and wealthier communities were the factors associated with increased risk of overweight and obesity (15).

In Africa, policy initiatives to prevent malnutrition target schools, families, and community settings. Currently, the WHO 25 × 25 and the sustainable development goals (SDG), targets 2.2 and 3.4, are in action to reduce the burden of premature mortality from non-communicable diseases (where overweight and obesity are risk factors) and any form of malnutrition (16, 17). Moreover, the WHO Acceleration Plan to Stop Obesity is designed to stimulate and support multi-sector, country-level actions across the globe. The plan focuses on establishing and implementing a data-driven strategy and tries to change obesity prevalence and trends over time until global targets are met (18). As an input to interventions, timely and comprehensive data is necessary, although there has been insufficient data in most countries (19). Congruent with the need for a data-driven strategy, it is crucial to identify priority intervention areas to successfully end these targets. This study aimed to evaluate factors affecting malnutrition among women of reproductive age in sub-Saharan African countries. Identifying the factors influencing malnutrition will help us prioritize intervention areas so that we can move aggressively.



Methods


Study setting and data source

This study used DHS data in sub-Saharan African countries. According to the World Bank (20), there are 48 countries in the region. This study included 33 countries in the region with a dataset from MEASURE DHS with BMI measurements. The following is a list of countries in the region included in the current study. Benin, Burkina Faso, Burundi, Cameroon, Chad, Comoros, Congo, Congo D. Republic, Cote d’Ivoire, Ethiopia, Gabon, Gambia, Ghana, Guinea, Kenya, Lesotho, Liberia, Madagascar, Malawi, Mali, Mozambique, Namibia, Niger, Nigeria, Rwanda, Senegal, Sierra Leone, South Africa, Tanzania, Togo, Uganda, Zambia, and Zimbabwe. The list of SSA countries included in the project along with their respective datasets can be found at https://dhsprogram.com/Countries/. The list of countries, the year of the survey, and the sample size are provided in Table 1.



TABLE 1 The list of countries, the year of the survey, and the sample size of each country in the SSA.
[image: Table showing survey data for various countries, including year, sample size, and percentage. Largest sample: Nigeria (12,984, 5.24%), Burkina Faso (15,654, 6.31%), and Kenya (15,377, 6.2%). Total sample: 247,911 (100%).]



Sampling method

The DHS sample is representative at the national, urban–rural, and regional levels. The program uses a standard uniform methodology for all participating countries. Generally, a stratified two-stage cluster design was employed. In the first stage, enumeration areas were selected from the recent census. In the second stage, households were selected from an updated list of households. In the first stage, the enumeration areas are selected based on probability proportional to the size of each stratum. A sample of a predetermined number of enumeration areas is selected independently, with the probability proportional to the size measure of each enumeration area. In the selected enumeration areas, a listing of the households was performed. In the second stage, a fixed or a variable number of households is selected from the complete list using systematic sampling. In each selected household, a household questionnaire is administered to identify women aged 15–49 years. Eligible women were interviewed using an individual questionnaire, and their responses were recorded in an IR recode file. The details of the sampling method of DHS are available at https://dhsprogram.com/publications/publication-dhsm4-dhs-questionnaires-and-manuals.cfm.



Population

The target population of the current study consisted of women of reproductive age (15–49 years) in sub-Saharan African countries. Since BMI is not a good indicator of pregnant and puerperal women, these groups were excluded from the analysis. Additionally, some women remained unmeasured during the data collection period and were therefore excluded from the analysis. We used a weighted sample of 247,911 reproductive-age women to determine the associated factors. The sample size for each country is provided in Table 1.



Study variables

We used the Individual Recode (IR) file of all women aged 15–49 years who were neither pregnant nor in the puerperal period. Our outcome variable from the IR file was BMI (V445), classified according to the WHO category. BMI is calculated by dividing an individual’s weight in kilograms by an individual’s squared height in meters. The variable was classified into categories as follows: “underweight” (BMI < 18.5), “normal” (18.5 ≤ BMI < 25), overweight (25 ≤ BMI < 30), and “obesity” (BMI ≥ 30) (21). Based on DHS methods, women whose weight and height were not measured or calculated BMI below 12.0 or above 60.0 were excluded.

The selection of independent variables was based on the previous literature and the availability of these variables in the DHS dataset. This study’s independent variables were classified as individual or community-level variables. The individual-level variables include women’s age in the 5-year group, highest educational level, wealth index, current breastfeeding status, employment status, contraceptive use, parity, media exposure, and marital status. The definitions of these variables according to the DHS are provided in Table 2. Community-level variables include place of residence (urban vs. rural), SSA regions (south, central, west, and east), and survey year.



TABLE 2 Description of independent variables according to the DHS manual.
[image: Table listing variables and their descriptions. Variables include place of residence, age, educational level, wealth index, breastfeeding status, contraceptive use, marital status, and employment status. Each variable is explained in detail, such as the wealth index being a composite measure of living standards and educational level categorized as no education, primary, secondary, and higher.]

For computational feasibility, we redefined some of the variables found in the original DHS dataset. The SSA countries are classified into three categories based on their geographical location. Eastern SSA include Burundi, Comoros, Ethiopia, Kenya, Lesotho, Madagascar, Malawi, Mozambique, Rwanda, Tanzania, Uganda, Zambia, and Zimbabwe. The Western SSA region countries are Benin, Burkina Faso, Cameroon, Chad, Ivory Coast, Gambia, Ghana, Guinea, Liberia, Mali, Niger, Nigeria, Senegal, Sierra Leone, and Togo. The remaining countries, Congo, DR Congo, Gabon, Namibia, and South Africa, are in the central and southern regions.

Year of the survey: Since the survey year span from 2011 to 2022, we categorized the survey years based on the standard 5-year interval used by the DHS (22). Therefore, survey datasets between 2011 and 2014 are coded as 0, datasets from 2015 to 2019 are coded as 1, and datasets from 2020 onward are coded as 2 and are included as independent variables.

Parity: The total number of children ever born is a continuous variable in the original dataset. We classified these data into nulliparous (having no birth), multiparous (having 1–4 children), and grand multiparous (>4 children). The analysis was then performed (23).

Media exposure: The DHS data include information regarding individuals’ engagement with media, specifically listening to the radio, watching television, and reading newspapers. We combined these three variables into a single category with “Yes” and “No” options. If an individual has exposure to one of these media, regardless of the frequency, we classified them as “Yes” and “No” (24).



Data analysis

We conducted a descriptive analysis to show the characteristics of the included population based on variables. To this end, we performed cross-tabulation of independent variables with BMI classification to provide a sample overview. The description of the sample population was performed after applying sampling weights. The prevalence of underweight, overweight, and obesity among women was assessed after applying sampling weights for each country. We also pooled the prevalence of underweight, overweight, and obesity using the random effects method for the 33 countries.

The initial plan was to conduct multilevel ordinal regression due to the ordered nature of the outcome variable. However, since the proportional odds assumption was not fulfilled, the analysis was switched to multilevel multinomial analysis. We have employed a multilevel multinomial logistic regression analysis using normal BMI as a reference, which includes both random-effects and fixed-effects models. This statistical approach was performed in Stata version 17.

Four different nested models were fitted, with assumptions checked and bivariable analysis performed using a p-value threshold of 0.2. The models included the null model (containing only the outcome variable), model 1 (a model fitted using individual-level variables only), model 2 (a model fitted using community-level variables), and model 3 (fitted using both individual and community-level variables). The final interpretation of the results was based on the best model, which was selected using the log-likelihood and Akaike information criterion. In the random-effects analysis, the Intraclass Correlation Coefficient (ICC) was used to assess the variability of the outcome between clusters/communities.

The model (25) is

[image: Mathematical expression displaying: log of the fraction y subscript ij minus s over p of y subscript ij given normal, minus X beta raised to the power of s, plus u subscript 0j raised to the power of s, followed by a comma.]

Where,

	• [image: Mathematical notation of the variable y with subscript i and j.]is the nutritional status of individual I residing in cluster J.
	• [image: Please upload the image you would like me to describe, or provide a URL to the image.] is the outcome (underweight, obese, and overweight).
	• [image: A black letter "X" in a serif font on a white background.] is the matrix of independent variables at both the individual and cluster levels.
	• [image: The image shows the mathematical notation "beta superscript s", represented as β with a superscript of s in parentheses.] is the effect size of each independent variable on the probability of women being underweight, obese, and overweight relative to normal.
	• [image: Mathematical expression showing \( u_{oj}^{(s)} \), featuring a lowercase 'u' with subscript 'oj' and a superscript 's' enclosed in parentheses.] is a constant term and cross-level interaction term.

The ICC was calculated as the proportion of the between-cluster variation in the total variation (25):

[image: Formula for ICC: \( \text{ICC} = \frac{\text{Var}(u_{oj})}{\text{Var}(u_{oj}) + \frac{\pi^2}{3}} \). It calculates the intraclass correlation coefficient used in multilevel modeling.]

Where,

• [image: The mathematical expression "Var(u sub oj)" represents the variance of the variable \( u_{oj} \).]is the community (cluster) level variance.

The variability in the odds of obesity and overweight explained by successive models was calculated by the proportional change in variance (PCV) as follows:

[image: Equation showing PCV equals parenthesis V subscript e minus V subscript m i parenthesis over V subscript e.]

where

	• [image: A mathematical expression showing the letter "V" with the subscript "e".] is the variance in obesity and overweight in the null model
	• [image: It appears you're referencing a mathematical expression. If you can upload the image or provide a link, I can help generate the alternate text for it.] the variances in the successive models.

Finally, the adjusted odds ratio (AOR) with a 95% confidence interval (CI) was reported, and variables with a p-value of <0.05 in the multivariable analysis were declared to be significant predictors of the outcome.




Results


Description of maternal characteristics

A total weighted sample of 247,911 reproductive-age women was described, and the exploration of associated factors was included. As indicated in Table 3: Description of women of reproductive age in SSA and distribution of BMI categories in each sub-group of variables based on recent demographic and health survey, 60% of the included population were rural residents. One in five reproductive-age women were in the age group 15–19 years. Three-fourths of the women (74.57%) were not breastfeeding during the survey.



TABLE 3 Description of women of reproductive age in SSA and distribution of BMI categories in each sub-group of variables based on recent demographic and health surveys.
[image: A table presents data on body weight distribution across various demographic and socio-economic categories, including place of residence, age, educational level, wealth index, breastfeeding status, contraceptive use, marital status, employment status, parity, media exposure, and African regions. Columns detail percentages for underweight, normal, overweight, obese, and overall categories. The data is structured to show how each factor correlates with weight status. Each cell contains a count and percentage in parentheses.]

As indicated in the table, 15,973(16.20%) urban residents and 8,635(5.79%) rural residents were obese. The highest prevalence of obesity was observed among women aged 45–49 years, with 3,222(17.04%) women affected. We can also observe that higher education is associated with a higher percentage of overweight and obese individuals, with 3,860(28.16%) classified as overweight and 2,787(20.34%) classified as obese. In the same scenario, the wealth index also resulted in a higher percentage of overweight and obese individuals, where the richest quantile leading at 14,122(25.30%) classified as overweight and 9,822(17.60%) classified as obese. Mothers who were breastfeeding during the time of the survey had a lower percentage of overweight and obese individuals, with 9,002(15.24%) classified as overweight and 3,541(5.99%) classified as obese. In contrast, those who were not breastfeeding had higher percentages, with 32,942(19.17%) classified as overweight and 18,217(10.60%) classified as obese (Table 3).

The table describes the population under study. The columns in underweight to obese are expressed as the frequency and percentage (row), while the last column is the percentage of each category of the total population. For example, 72.21% of the population had at least one media exposure.



Prevalence of underweight

The prevalence of underweight in SSA women ranged from 3% in South Africa to 22% in Ethiopia. The pooled prevalence of underweight was 11, 95% CI (9–12%). Figure 1 displayed the country-specific and pooled prevalence of underweight among reproductive-age women in SSA using recent Demographic and Health Surveys.

[image: Forest plot showing underweight prevalence estimates for various countries in Africa. Each line represents a country, with an effect size and confidence interval depicted by a dot and horizontal line. The overall estimate is shown at the bottom with a diamond symbol. The x-axis ranges from -0.1 to 0.4, centered on zero. The heterogeneity statistic (I-squared) is 99.45% with p-value 0.00.]

FIGURE 1
 Pooled prevalence of underweight among women in SSA.




Prevalence overweight

Contrary to the results for underweight, Ethiopia has the lowest percentage of overweight women in SSA, with only 6% of reproductive-age women being obese. In stark contrast, South Africa has both the lowest percentage of underweight women and the highest percentage of overweight, at 26%. Using the random effects method to pool country-level percentages, the prevalence of overweight among women in SSA is 18%, with a 95% CI of 16–20%, as indicated in Figure 2.

[image: Forest plot titled "Overweight" displaying studies from various countries on the x-axis, with effect sizes (ES) and 95% confidence intervals (CI) on the y-axis. Each study is represented by a horizontal line intersected by a square, indicating point estimates and variability. The percentage weight of each study is listed. The summary diamond at the bottom shows an overall effect size of 0.18 with 95% CI of 0.16 to 0.20.]

FIGURE 2
 Pooled prevalence of overweight among women in SSA.




Prevalence of obesity

As displayed in Figure 3, the prevalence of obesity in SSA countries ranges from 2 to 36%. Notably, three countries—Lesotho, Gabon, and South Africa—have obesity prevalence rates exceeding 20%. Across the 33 SSA countries included in this analysis, the overall prevalence of obesity is 10%, with a 95% CI of 8–12%.

[image: Forest plot illustrating obesity studies in various African countries. Each country is listed with an estimated effect size (ES) and 95% confidence interval (CI). The vertical dashed line represents the overall effect size. South Africa shows the highest ES at 0.36, while Ethiopia, Burundi, and Chad have the lowest at 0.02. The diamond shape at the bottom denotes the overall ES of 0.10 with an I-squared value of 99.70%.]

FIGURE 3
 Pooled prevalence of obesity among women in SSA using recent DHSs.




Factors associated with underweight, overweight, and obesity

A two-level multinomial logistic regression was used to analyze the association between women’s individual and cluster-level characteristics, as well as nutritional status, as measured by BMI. While the primary objective of this study was to identify factors associated with overweight and obesity, factors influencing underweight were also examined concurrently. According to the null model, 11.10% of the total variance in the odds of malnutrition could be attributed to variations between clusters. In the progression to the final model, the between-cluster variability decreased by 7.92%. Additionally, the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) were lowest in the final model (Model III), making it the preferred model for predicting women’s nutritional status. Factors associated with malnutrition among women of reproductive age in sub-Saharan Africa are detailed in Table 4, where the reference category is women with a normal BMI (not shown in the table).



TABLE 4 Factors associated with nutritional status among reproductive-age women in SSA based on the recent DHS of each country.
[image: A table titled "Variables" comparing different models (Null, Model I, Model II, Model III) across various categories. Variables include age, education level, wealth index, parity, marital status, current working, breastfeeding status, contraceptive method, media exposure, place of residence, year of survey, and subregion. Each category displays data for "Under," "Over," and "Obese" columns. Statistical values like ICC, PCV, Log-likelihood, AIC, BIC, and variance are provided for comparison. Notes on p-values and reference categories are shown.]

In Model I, significant variables determining women’s nutritional status included age, highest educational level, wealth index, current breastfeeding status, employment status, contraceptive use, parity, media exposure, and marital status. On the other hand, place of residence, SSA region, and survey year were identified as cluster-level attributes affecting nutritional status.

Model II demonstrated that 8.97% of the variation in nutritional status was accounted for by differences between communities.



Factors associated with overweight

Women’s age, highest educational level, wealth index, current breastfeeding status, contraceptive use, parity, media exposure, marital status, place of residence, SSA region, and year of the survey were factors significantly associated with overweight in the final model. As age increases, the probability of being in the overweight category increases relative to normal weight. For example, compared to women aged 15–20 years, women in the age group 45–49 years have increased odds of being overweight [AOR = 4.47, 95% CI (4.19–4.78)] and a p-value of <0.001 relative to normal weight (reference). Generally, the odds of being overweight increase with age.

The odds of being overweight increase with higher educational levels and wealth indices. Compared to women with no education, those with primary education are more likely to be overweight, with an AOR of 1.30, a 95% CI of 1.25–1.35, and a p-value of <0.001 relative to normal weight. Similarly, when compared to women in the poorest wealth quintile, those in the richest category have significantly higher odds of being overweight, with an AOR of 2.20 (CI: 2.09–2.31) and a p-value of <0.001. As illustrated in Table 4, there is a clear trend where the odds of being overweight increase progressively with higher wealth quantiles, with the richest individuals displaying higher odds than those who are merely rich.

Parity, current or formerly in the union, contraceptive use, and media exposure were factors that increased the odds of being overweight relative to normal weight. As the number of children ever born by women increased, either multiparity or grand multiparity increased the odds of being overweight compared to nulliparous women. The use of contraceptives and exposure to media increased the odds of being overweight compared with their relative categories of no contraceptive use and no media exposure.

Breastfeeding significantly decreased the odds of being overweight relative to normal weight. Women who were breastfeeding during the survey had lower odds [AOR = 0.78(0.76, 0.81), a p-value of <0.001] compared with those not breastfeeding during the same time.

Place of residence, year of survey, and SSA region were community-level factors affecting the odds of being overweight relative to normal weight. Urban areas are the hotspots for overweight and obesity. As shown in Table 4, reproductive-age women residing in rural areas have lower odds of being overweight compared with rural residents. Compared with the latter, recent survey periods increased the odds of being overweight. SSA regions also have differences in the odds of being overweight. Eastern and Western regions had lower odds of being overweight than the Central and Southern regions. The regional effects were significant for both east and west (a p-value of <0.001). Table 4 shows factors associated with overweight and obesity among reproductive-age women in sub–Saharan Africa.



Factors associated with obesity

The factors associated with obesity are similar to those of being overweight. Women’s age, highest educational level, wealth index, current breastfeeding status, contraceptive use, parity, media exposure, marital status, place of residence, and SSA region were factors significantly associated with being overweight in the final model. Compared with women aged 15–19 years, all other categories had higher odds of obesity relative to normal weight. For example, the age groups 20–24 and 25–29 had higher odds of obesity [AOR = 1.66(1.54–1.78) and 3.31(3.06–3.58)], respectively.

In the same scenario with overweight, the odds of obesity are increased with educational level and wealth index. An increase in both variables increased the odds of being obese relative to normal weight. In both cases, the increment is dose-dependent [an increase in educational level and wealth index leads to increased odds correspondingly]. Women with higher education and the richest wealth quantile had the highest odds of obesity compared with no education and the poorest quantile, respectively [AOR = 2.77(2.58–2.97), and 2.48(2.32–2.65), with a p-value of <0.001 in both cases].

Multiparity, currently in the union, contraceptive use, and media exposure were factors that increased the odds of being obese relative to normal weight. As the number of children ever born by women increased (multiparity), the odds of being overweight compared to nulliparous women increased. Grand multiparity was not significantly associated with obesity. The use of contraceptives and exposure to media increased the odds of being obese compared with their relative categories of no contraceptive use and no media exposure.

Working and breastfeeding women had lower odds of obesity compared to those with normal weight. Specifically, women who were working had an AOR of 0.84 (95% CI: 0.81–0.87), and those who were breastfeeding had an AOR of 0.65 (95% CI: 0.62–0.68), both with a p-value of <0.001 relative to those who were not working or breastfeeding, respectively.

Place of residence and SSA region were community-level factors affecting the odds of obesity relative to normal weight. Rural women had lower odds for obesity than urban women AOR = 0.58(0.55, 0.60), a p-value of <0.001. On the other hand, eastern and western countries had lower odds of obesity compared with central and southern SSA regions. Table 4 shows factors associated with overweight and obesity among reproductive-age women in sub–Saharan Africa.



Factors associated with underweight

It is not a surprise that the variables that are associated with overweight and obesity are associated with being underweight. The association was inverse of the overweight and obesity. For example, as educational status or wealth index increases, the odds of being underweight decrease. This association seems dose-dependent—the higher the educational status or wealth index, the lower the odds of being underweight.

Other variables that negatively correlate with being underweight include an increase in women’s age, parity, marital status, employment during the survey, contraceptive use, and more recent survey years. Specifically, an increase in a woman’s age significantly decreased the odds of being underweight compared to women aged 15–19 years. Similarly, increased parity and being in a union (currently or formerly) also lower the odds of being underweight. The use of contraceptives is associated with a reduced likelihood of being underweight, with an AOR of 0.69 and a CI of 0.66–0.71. Data from more recent survey years show lower odds of being underweight, suggesting a recent decline in the issue. Additionally, women’s employment status influences both underweight and overweight/obesity rates; women who were employed during the survey had lower odds of being underweight, with an AOR of 0.84 and a 95% CI of 0.82–0.87. The factors associated with being underweight are given in Table 4.




Discussion

Using two-level multinomial analysis, we analyzed data from SSA countries to examine the factors that contributed to both forms of malnutrition. In this study, increases in women’s age, wealth index, not breastfeeding during the survey, contraceptive use, multiparity, being in a union, and residing in urban regions and southern and central Africa increased the odds of higher BMI. These results are witnessed in earlier studies (6, 13, 14).

In this study, higher household wealth was associated with an increased likelihood of overweight and obesity and reduced odds of being underweight. Similar scenarios were found in developing countries previously (26–28). On the contrary, overweight and obesity were more prevalent among populations with lower socioeconomic status in developed countries (29). Studies argued that women of lower socioeconomic status have access to comparatively lower-cost, energy-dense, nutrient-poor foods that contribute to a higher prevalence of obesity in developed countries (30). In the developing world, this situation is not applicable. Rather, many cultural norms that favor fatter body size might contribute to such differences. Women of wealthier households may have the resources and knowledge of a healthy diet, but they also face several socio-cultural barriers that may prevent them from putting those to use and becoming obese (31).

Older age is positively associated with overweight and obesity, while younger reproductive age is linked to underweight. This finding is not strange, as previous studies recorded such results (32, 33). As age increases, the concentration of growth hormone decreases. The decrease in growth hormone, coupled with other hormonal changes, including steroids and decreased physical activity, leads to a decrease in lean mass and an increase in fat mass in the body (34).

Modern contraceptive use is associated with increased odds of being overweight and obese and decreased odds of being underweight. Contraceptives are synthetic steroids. The crucial metabolic effect of steroids is the accumulation of fats in different parts of the body, which increases fatness and obesity (35). Breastfeeding decreases the odds of overweight and obesity. Breastfeeding is important for maternal glucose and lipid metabolism and decreases the maternal risk for metabolic syndrome, which is linked to obesity (36, 37).

Urban women are more likely to be overweight and obese, while rural women are more likely to be underweight. There has been an increase in BMI and the percentage of obese women in urban Africa (12, 38). Although being underweight persists more prevalent than being overweight in rural areas, the ratio of overweight to underweight is decreasing. There is a faster increment in the prevalence of overweight and obesity in rural than in urban Africa (11). Various factors, including food availability and exertion, may contribute to the higher prevalence of underweight in rural Africa. On the other hand, urban areas are more exposed to processed foods, which promote obesity (39).

Parity significantly influenced malnutrition outcomes in this study, consistent with previous findings (40, 41). The link between parity and obesity/overweight is unclear. Evidence suggests that high concentrations of glucose, fatty acids, and amino acids may contribute to weight gain during pregnancy and increase the risk of obesity later (42). Also, physiological changes during pregnancy, including the release of corticotrophin-releasing hormone and activation of the hypothalamic–pituitary–adrenal axis, which leads to increased cortisol concentration, increase the risk of obesity (43). Married women are more likely to be overweight and obese. Consistent findings were reported previously (44, 45). Possible reasons could be that never-married women may care about managing their weight to attract potential partners, married women have family responsibilities, have less time for physical activity, and the dietary pattern is more likely to change (46, 47).

In this study, education was positively associated with overweight and obesity. Previous studies found concurrent (48) and opposite (49) associations in developing and developed countries. The association between overweight/obesity and education is dependent on the country’s level of development, such that inverse associations are more common in more developed countries, and positive associations are more common in less developed countries (50). In developing countries, illiterates are exposed to laborious occupations, and literates have reduced physical exercise due to a sedentary lifestyle (50). Media exposure increases the likelihood of being overweight and obese and lowers the odds of being underweight, as observed in (51, 52). Media use may exert its role in excessive weight gain through incorrect dietary behavior, unbalanced calorie intake, and reduced energy expenditure (52). Regional differences were observed as well.


Strengths, limitations, and areas of further research

Our analysis used nationally representative DHS data from most SSA countries. It also used hundreds of thousands of participants. This attribute of the study will allow the study to generalize the population under consideration in the region. As a cross-sectional design endeavor, our analysis cannot establish causality. Despite the identification of factors, our analysis disclosed association, not causality. Causal evidence is necessary to resolve the chicken and egg dilemma. The survey year in a few countries is older than 10 years due to the unavailability of recent datasets, and this data may not represent the current state of these countries. While our study provided a comprehensive overview of the SSA region, country-specific evidence is also necessary. Sub-regional and country-level variations require area-specific research.




Conclusion

In conclusion, factors such as an increase in women’s age, a higher wealth index, not breastfeeding during the survey, contraceptive use, multiparity, being in a union, residing in urban regions, and living in Southern and Central Africa are associated with increased odds of a higher BMI. When designing interventions for overweight and obesity, emphasis should be placed on wealthier, older, reproductive-age women, urban residents, and multiparous women. Conversely, interventions targeting underweight should prioritize the poorest and youngest segments of the population.
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Background: Sustainable Development Goal (SDG) 2 aims to “end hunger, achieve food security, and improve nutrition” by 2030. However, the prevalence of inadequate Minimum Dietary Diversity (MDD) is on the rise in Sub-Saharan Africa (SSA). Therefore, this study aimed to assess the disparities between multidimensional poor and non-poor households in terms of inadequate MDD among children aged 6 to 23 months in SSA, using data from the 2018–2023 Demographic and Health Survey (DHS).
Methods: The study utilized data from a nationally representative weighted sample of 352,463 children aged 6 to 23 months, drawn from the latest rounds of the DHS in 18 SSA countries. A decomposition analysis was performed to assess the disparity in inadequate MDD between multidimensionally poor and non-poor Households. This analysis divided the disparity into two components: one related to differences in the levels of determinants (endowments) between the poor and non-poor, and the other concerning variations in the effects of the covariates.
Results: The overall prevalence of inadequate MDD among children in SSA was 89.05%. This prevalence was highest in Central Africa at 90.55% and lowest in South Africa at 87.8%. The difference in inadequate MDD between multidimensional poor and non-poor children was highest in East Africa at 6.15%, which was statistically significant. Factors such as women’s education, husband’s educational status, the employment status of both parents, household wealth index, place of residence, family size, and the number of children significantly contributed to the disparity in inadequate MDD among children from multidimensional poor and non-poor households in SSA.
Conclusion: The study highlights a concerningly high prevalence of inadequate MDD among children in SSA, with significant disparities observed between multidimensionally poor and non-poor households. The largest gap in inadequate MDD between poor and non-poor households was found in East Africa. Key factors contributing to these disparities include women’s education, husband’s educational status, the employment status of both parents, household wealth index, place of residence (urban vs. rural), family size, and the number of children. The findings underscore the urgent need for targeted interventions to address inadequate MDD among young children in SSA. Efforts should focus on reducing poverty, improving maternal education, and enhancing employment opportunities, particularly for women, by promoting equitable economic prospects. Addressing these underlying factors is essential to closing the gap in dietary diversity and improving the nutritional outcomes of children in the region.
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Introduction

Inadequate feeding practices are a primary cause of childhood malnutrition, and their repercussions are among the most serious roadblocks to long-term socioeconomic growth and poverty reduction worldwide (1, 2). Inadequate MDD is most common in low- and middle-income countries, where it has a significant impact on increasing mortality and disease distribution (3–5). The prevalence of inadequate MDD is high (6), especially in SSA.

Recently, poor nutrition has been responsible for 45% of under-five mortality, with South Asia and Sub-Saharan Africa bearing the highest burden (7). Between the ages of 6 and 23 months, children’s nutritional needs per body weight increase, rendering breast milk insufficient to meet all their needs (8). After 6 months, children should receive adequate and acceptable supplemental foods while continuing to lactate for at least 2 years (9).

Various explanatory variables, such as women’s education (1, 10, 11), household wealth index (1, 10, 11), antenatal care (12, 13), father’s educational status (1, 10, 11, 13), child age (1, 14), mass media exposure (1, 10, 11), maternal age (14, 15), occupational status (16, 17), and place of residence (17) in different countries, were found to be significantly associated with MDD among children aged 6–23 months in several studies.

Inadequate MDD is defined as a child who does not consume a minimum of five food groups out of a total of eight. The eight food groups include breast milk, grains, roots and tubers, legumes and nuts, dairy products, flesh foods (such as meat, fish, poultry, and liver or organ meats), eggs, vitamin A-rich fruits and vegetables, as well as other fruits and vegetables (18). The World Health Organization (WHO) (9) and the United Nations International Children’s Emergency Fund (UNICEF) (19) are currently focusing on children’s nutritional issues. The Sustainable Development Goals (SDGs) for 2015–2030 were also established, with objectives including eradicating extreme poverty and hunger while enhancing health and education (20). Specifically, SDG 2 aims to “end hunger, achieve food security and improve nutrition (21), and SDG 3 mainly focuses on “leaving no one behind in accessing essential health services “by 2030 (21–23).

However, in Sub-Saharan Africa, situations are contrary, with SSA facing significant challenges in achieving this goal (24). According to statistics, food insecurity in SSA has increased since 2015 (24, 25). Sub-Saharan Africa has pervasive disparities in living standards, health, and education throughout all of its states and geopolitical regions (23, 24). Traditionally, poverty has been measured using thresholds for one-dimensional indicators such as household wealth index or consumption, which do not capture what it means for people of different age groups to be poor, particularly children (14, 26). Therefore, this study incorporates the multidimensional measure of poverty to precisely represent the range of sufferings. Multidimensional poverty was assessed using criteria published by the UNDP’s Human Development Report Office (27), which considers three dimensions: health, education, and living standards (28). However, the decomposition analysis method is useful for examining inequalities in inadequate MDD between multidimensional non-poor and poor households. The disparity between these groups has not been thoroughly explored in the context of SSA. Thus, this study aims to determine the disparity in inadequate MDD among children aged 6–23 months in SSA using the recent 2018–2023 Demographic and Health Survey (DHS) data. This evidence is particularly important for informing the design of programs and policies at the local, regional, and national levels to address the compositional and behavioral determinants contributing to disparities in inadequate MDD among children in multidimensional poor-non-poor households in Sub-Saharan Africa.



Materials and methods


Study setting and period

The study was conducted in Sub-Saharan Africa, a region of the African continent characterized by its diverse population. In this study, the 18 selected countries of SSA were divided into four regions: Central Africa (Burundi, Gabon, Guinea, and Côte d’Ivoire), East Africa (Ethiopia, Kenya, Tanzania, and Rwanda), Southern Africa (Madagascar, Mali, Zambia, and Mauritius), and West Africa (Burkina Faso, Gambia, Nigeria, Liberia, Senegal, and Sierra Leone). Sub-Saharan Africa is home to over 40 countries and approximately 1 billion people, showcasing a rich and varied culture. The research utilized the latest publicly available, nationally representative DHS data from 2018 to 2023, covering 18 countries in Sub-Saharan Africa.



Study design

The research used a cross-sectional study design based on secondary data from the recent DHS in Sub-Saharan Africa.



Source and study population

The source population included all children aged 6–23 months, and the study population was those in the selected Enumeration Areas (EAs) in Sub-Saharan Africa.



Data source

We obtained the dependent and independent variables from the latest Demographic and Health Surveys (DHS) birth record (BR) dataset, which includes the complete birth history of all interviewed women. This dataset also provides health and nutrition information for children under 5 years old. The data used in this study represent the most recent nationally representative DHS data, specifically from 2018 to 2023 (see details in Table 1). During the merging process, duplicates were generated, and we established duplicate control by creating a country code and merging it with the first cluster number. We then removed a dot and ensured that the last digit of the country code differed from zero, allowing us to uniquely identify each cluster or enumeration area.



TABLE 1 The sample size of children aged 6–23 months included in this study from 18 SSA countries using Demographic and Health Surveys from 2018 to 2023.
[image: Table displaying demographic and health survey data across various African countries from 2018 to 2022. Columns include country code, survey year, sample size, and prevalence percentage of inadequate Minimum Dietary Diversity (MDD). Notable prevalence rates include 99% in Burkina Faso (2021) and 83% in Rwanda (2020). Sample sizes vary, with Nigeria having the largest at 44,636.]



Sample size and sampling method

The study includes weighted samples from 352,463 children aged 6–23 months, collected from approximately 1,692 enumeration areas across 62 regions or provinces in 18 Sub-Saharan African countries. The Demographic and Health Surveys (DHS) employed a two-stage stratified cluster sampling method. In the first stage, enumeration areas (EAs) were independently selected from each stratum with proportional allocation based on place of residence (urban and rural). In the second stage, households were systematically sampled from the chosen EAs.



Variable measurement


Dependent variable

A child was considered to have inadequate MDD if they did not consume at least five of the eight food groups in the 24 h prior to the interview. The food groups include: (1) breast milk, (2) grains, roots, and tubers, (3) legumes and nuts, (4) dairy products, (5) flesh foods (such as meat, fish, poultry, and organ meats), (6) eggs, (7) vitamin A-rich fruits and vegetables, and (8) other fruits and vegetables (18). The MDD was categorized as “adequate” with a label of “0” and “inadequate” with a label of “1.”

Sociodemographic factors considered as independent variables include the age of the mother, father, or child; the sex of the household head; the education level of both parents; their employment status; household wealth index; place of residence; antenatal care; birth intervals; the number of living children; household size; and the region within Sub-Saharan Africa.



Equity stratifying variable

The Multidimensional Poverty Index (MPI) is used as an independent variable for stratifying and classifying individuals as non-poor (“0”) or poor (“1”). The MPI was measured based on the criteria established by the UNDP’s Human Development Report Office (28). The MPI measurement was based on 3 dimensions and 10 indicators.

Health: child mortality [yes, deprived (1) and non-deprived (0)], and nutrition {at least one household member who was sick and unable to perform normal activities in the last 4 weeks: yes [deprived (1) and non-deprived (0)]}.

Education: years of schooling [no household member aged 7–17 years or older has completed 5 years of schooling: deprived (1) and non-deprived (0)]; school attendance [any school-aged child not attending school up to age 8: deprived (1) and non-deprived (0)].

Living Standards: Water: Households using water from unimproved sources, such as open wells, springs, or surface water, are considered deprived (1), while those using improved sources are regarded as non-deprived (0). Sanitation/Toilet Facilities: Households utilizing unimproved sanitation facilities, such as pit latrines without slabs, open pit latrines, or hanging toilets, are classified as deprived (1), whereas those with improved facilities are considered non-deprived (0). Electricity: Households without electricity are deemed deprived (1), while those with electricity are recognized as non-deprived (0). Cooking Fuel: Households that cook with wood, charcoal, or dung are classified as deprived (1), while those using cleaner fuels are considered non-deprived (0). House occupancy status: Households that do not own their home are classified as deprived (1), while homeowners are considered non-deprived (0). Assets: Households lacking at least one of the following assets—radio, TV, mobile phone, tape recorder, or refrigerator—are considered deprived (1), while those owning at least one are regarded as non-deprived (0).

To determine the MPI, we adopt the recommended poverty threshold based on standard dimensions and their indicators (29). Each individual is assigned a deprivation status based on their experiences across the component indicators. The deprivation score for each person was determined by calculating a weighted sum of the deprivations encountered. This score ranges from zero to one, and an individual is classified as poor if their deprivation exceeds 33% of the weighted indicators; otherwise, they are considered non-poor.




Data processing and analysis

To ensure data quality and consistency, we conducted data cleaning, recoding, variable generation, and labeling using Stata version 17.0. To address the unequal probability of selection between geographically defined strata and non-responses, we used sample weights. Frequencies and percentages were calculated for categorical variables to describe the characteristics of the study population based on the multidimensional poverty index and inadequate MDD.

During analysis, the survey design was taken into account and declared. The Pearson chi-square test was used to examine whether the disparity in the multidimensional poverty index and inadequate MDD was statistically significant. To explain the multidimensional poor and non-poor disparities in inadequate MDD among children aged 6–23 months, multivariate decomposition, which is the extension of Blinder-Oaxaca decomposition analysis for the non-linear dependent variable (30), was used.


Decomposition analysis

Multivariate decomposition was used. Primarily, multivariate decomposition is intended for non-linear decomposition and provides convenient methods for addressing path dependency and overcoming the identification problem associated with the selection of a reference category in the case of Blinder-Oaxaca decomposition analysis. This approach automatically determines the high-outcome group as the comparison group, using the low-outcome group as the reference. A detailed multivariate decomposition analysis was conducted to investigate the disparity in inadequate MDD between non-poor and poor children aged 6–23 months in SSA. In this study, Y is considered the outcome variable (inadequate MDD), the multidimensional poverty index (MPI) serves as the decomposing variable (non-poor and poor), X represents the explanatory variable, and ß denotes the coefficient of the explanatory variable. Inadequate MDD for multidimensional non-poor and poor groups is represented as follows (Equation 1).

[image: Equation showing the difference between the means Y sub 1 and Y sub 0 as delta x beta sub 0 plus delta x beta sub 1.]

where [image: Mathematical notation showing the letter "Y" with a subscript "1" and a dot over it.]and [image: The expression shows "Y" subscript "0" with a centered dot following "Y".]represent the mean outcome for the non-poor group and the mean outcome for the poor group, respectively.[image: The expression "Delta x beta sub one" is shown, representing a mathematical or statistical formula with Greek letters.] is the explained component (E), representing the difference in outcomes due to differences in the levels of determinants (covariates) between the two groups, and [image: Greek letter delta followed by "x" and "beta" subscript zero.] is the unexplained component (C), representing the difference in outcomes due to differences in the effects of the determinants (coefficients) between the two groups. Finally, [image: Greek letter beta with the subscript one, often used in statistical regression analysis to represent a coefficient or parameter estimate.] and [image: Greek letter beta with a subscript zero.] are the coefficients for the non-poor group and the coefficients for the poor group, respectively.

Therefore, the gap in average inadequate MDD is assumed to develop from a gap in endowments (E) and a gap in coefficients (C). A p-value of less than 0.05 was considered statistically significant.



Ethical approval

No ethical approval was required for this study, as we utilized the DHS data, which had been anonymized before public release. The DHS datasets used in this study are freely accessible. We obtained an authorization letter to download the DHS dataset from the Central Statistical Agency (CSA) through the DHS Program website at https://dhsprogram.com/. The dataset and all methodologies employed in this study adhered to the guidelines established in the Declaration of Helsinki and followed the DHS research protocols.





Results


The sociodemographic characteristics and health service utilization of respondents with MDD and MPI

Table 2 indicates that maternal age has a modest impact on achieving adequate MDD, particularly among mothers in the 40–44 age group, which represents 4,917 (13.18%) of the total. In contrast, early maternal age (15–19 years) is linked to inadequate MDD, which represents 109,139 (92.34%) of the total. The influence of maternal age on the Multidimensional Poverty Index (MPI) differs from its effect on MDD. Mothers in the 15–19 age group falls into the multidimensional non-poor category, accounting for 10,285 (87.03%), while those in the 30–34 age group is classified as multidimensional poor, making up 20,892 (24.02%) of the total.



TABLE 2 Sociodemographic characteristics of the respondents in the study area with MDD and MPI.
[image: Table comparing various variables with categories for MDD (Minimum Dietary Diversity) and MPI (Multidimensional Poverty Index) across different demographic and socio-economic factors. Columns show counts and percentages for each category, such as maternal age, region, education level, and occupation. Data is presented for adequate and inadequate MDD, and non-poor and poor MPI groups.]

Geographically, East Africa has a higher concentration of multidimensional poor individuals, totaling 24,419 (33.16%), followed by South Africa with 21,558 (21.15%). Additionally, disparities between urban and rural areas significantly impact both MDD and MPI. As shown in the table, urban areas positively contribute to MDD adequacy, with 15,084 (14.05%), and have a substantial number of multidimensional non-poor individuals at 88,363 (82.28%). Conversely, rural areas experience higher levels of MDD inadequacy at 221,575 (90.41%), with multidimensional poor individuals numbering 56,565 (23.08%). Maternal education also influences MDD inadequacy and MPI; mothers with no formal education significantly contribute to MDD inadequacy, totaling 158,733 (91.5%). In terms of multidimensional poverty, those with primary education represent a notable share at 27,459 (25.86%), followed by mothers with higher education at 2,303 (24.36%). Furthermore, the gender of the household head affects MDD inadequacy and MPI outcomes in the region. The data reveals that MDD inadequacy is prevalent among women-headed households, accounting for 52,665 (89.97%), while the total number of multidimensional poor individuals in this category is 13,444 (22.97%) (Table 2).



Prevalence of inadequate MDD in SSA

The overall prevalence of inadequate MDD among children in SSA was 89.05% (95% CI, 89.2–89.95). Within multidimensional poor households, the prevalence of inadequate MDD among children was 91.8%, while the prevalence of multidimensional non-poor households in SSA was 88.2%. The highest prevalence of inadequate MDD was observed in Burkina Faso (detailed prevalence for each country is provided in Table 1).



Multidimensional poor versus non-poor disparity of inadequate MDD in SSA

Figure 1 depicts the differences in inadequate minimum dietary diversity (MDD) between multidimensional poor and non-poor populations in Sub-Saharan Africa (SSA). In this region, the prevalence of inadequate MDD among children was highest in Central Africa (90.55, 95% CI: 87.5–88.9), followed by West Africa (90, 95% CI: 89.9–90.25), East Africa (88.8, 95% CI: 88.5–89.2), and South Africa (87.8, 95% CI, 87.6–88.1). The disparity in inadequate MDD between the multidimensional poor and non-poor was most pronounced in East Africa (6.15%) and least pronounced in Central Africa (1.95%) (Figure 1). This difference was found to be highly statistically significant (chi-square, p = 0.000).

[image: Bar chart showing adequate and inadequate Minimum Dietary Diversity (MDD) across African regions. Red bars indicate a high percentage of inadequate MDD, while blue bars show low adequate MDD. Values range from 6.27% to 12.80% for adequate MDD, and 87.58% to 95.68% for inadequate MDD across Central, West, East, and South Africa.]

FIGURE 1
 Proportion of inadequate MDD in Sub-Saharan Africa stratified by multidimensional poverty index.




Multivariate decomposition of analysis of inadequate MDD

A decomposition analysis model used in this study accounted for differences in characteristics (compositional factors) and differences due to the effects of factors (coefficients).



Difference due to characters (endowment)

Approximately 55.55% of the overall inadequate MDD difference was due to differences in characteristics. Among the demographic factors, maternal age, the educational and occupational status of both parents, the sex and age of the household head, wealth index, place of residence, the number of living children, and regions of SSA significantly contributed to the disparity in inadequate MDD among children in SSA (Table 2). The negative coefficient for each independent variable at a p-value of <0.05 indicates that the characteristics associated with inadequate MDD help narrow the gap in inadequate MDD between multidimensional poor and non-poor children aged 6–23 months in SSA. For instance, the maternal age groups of “40–44” and “45–49” years show statistically significant negative coefficients, reducing the gap in inadequate MDD between multidimensional poor and non-poor children by 10.2 and 6.4%, respectively, compared to the reference category of “15–19” years old. In practical terms, if the maternal age in multidimensional poor households were to increase to the age groups of “40–44” and “45–49,” the gap in the prevalence of inadequate MDD between multidimensional poor and non-poor children in SSA would decrease by 10.2 and 6.4%, respectively.

The gaps in inadequate MDD between multidimensional poor and non-poor children in SSA narrowed by 0.2% when the educational status of the father was primary education. However, these gaps increased by 3.43 and 2.24% when the father’s educational level was secondary education and higher education, respectively, compared to no education. The gaps in inadequate MDD among children in SSA decreased by 4.2% when the father’s occupational status indicated being employed compared to children in multidimensional poor households. The positive coefficient for each independent variable, significant at a p-value of <0.05, indicates that the factors associated with inadequate MDD contribute to the widening gap of inadequate MDD between multidimensional poor and non-poor children aged 6–23 months in SSA. For instance, the coefficient for the category “>7 family members” is 0.001 with a p-value of 0, indicating that an increase in household size in multidimensional poor households raises the gap in inadequate MDD prevalence between multidimensional poor and non-poor children by 3.05%. Factors such as rural residence, female household head, and the increasing age of the household head have contributed to the widening gap in inadequate MDD between multidimensional poor and non-poor children aged 6–23 months in SSA (Table 3).



TABLE 3 Multivariate decomposition analysis of multidimensional poor-non-poor disparity in minimum dietary diversity among children aged 6–23 months in Sub-Saharan Africa using recent Demographic and Health Survey.
[image: A complex data table presents decomposition analysis results for MDD. It is divided into two main sections: differences in characteristics (E) and differences in coefficients (C), with columns for coefficient, p-value, and percent. It covers variables like maternal age, occupational status, household members, education, residence, wealth index, sex, birth types, and SSA regions. Each variable is further broken down into specific categories with corresponding statistical data.]



Difference due to the effect of characters (coefficient)

After controlling for individual and compositional factors, 155.87% of the inadequate MDD difference was due to the differences in the effects of characteristics. The educational status of both parents and the father’s occupational status helped narrow the inadequate MDD gap between multidimensional poor and non-poor children, while sex of the household head, household wealth index, preceding birth interval, place of residence, and African regions contributed to widening the inadequate MDD gap between multidimensional poor and non-poor children (Table 2). For instance, the positive coefficient for place of residence (0.008) showed that children from rural areas contribute to a 31.8% increase in the inadequate MDD gap between multidimensional poor and non-poor children. Conversely, the father’s employment status has a statistically significant negative coefficient, with a percentage contribution of −15.2%. This negative contribution suggests that father’s employment is associated with a reduction in the inadequate MDD gap between multidimensional poor and non-poor children (Table 3).



Detailed multivariate decomposition analysis in each region of Africa


Difference due to characters (endowment)

In the detailed multivariate decomposition, the study revealed that the explained differences due to changes in compositional characteristics were 227.85% for Central Africa, 217.6% for East Africa, and 15.6% for South Africa. Among these compositional factors, multiple births (17.14%) and rural residence (97.2%) significantly contributed to the widening of gaps, while the educational status of both parents, the sex of the household head, and the preceding birth interval played a role in narrowing the inadequate MDD gap between the multidimensional poor and non-poor children (Table 4). In West Africa, the compositional and demographic factors (explained component) were insignificant (Table 4). Regarding the compositional factors in East Africa, the educational status of both parents contributed to narrowing the gap, while the age of the household head and the size of the household significantly impacted the widening of the inadequate MDD gap between multidimensional poor and non-poor children (Table 5). In South Africa, compositional factors such as maternal age, the educational and working status of the mother, the age and sex of the household head, the number of live children, and place of residence made a significant contribution to the disparity in inadequate MDD among children (Table 5).



TABLE 4 Detailed multivariate decomposition analysis of multidimensional poor-non-poor disparity in minimum dietary diversity among children aged 6–23 months in Central Africa and West Africa using recent Demographic and Health Survey.
[image: A detailed table comparing decomposition of coefficients and endowments for Central and West Africa. It includes variables such as maternal age, occupational status, household members, number of children, educational status, partner occupation, residence, educational status of parents, sex of household head, wealth index, sex of the child, types of birth, and birth interval. Each section notes coefficients, standard errors, p-values, and percentages, with reference categories indicated.]



TABLE 5 Detailed multivariate decomposition analysis of multidimensional poor-non-poor disparity in minimum dietary diversity among children aged 6–23 months in East Africa and South Africa using recent Demographic and Health Survey.
[image: A detailed regression table comparing East Africa and South Africa, showing coefficients, standard errors, p-values, and percentages for various demographic and socioeconomic factors. Factors include maternal age, occupational status, household size, number of children, educational status, wealth index, sex of the child, types of birth, and more. Each factor has comparisons of endowment differences and coefficients. Values indicate statistical significance and impact.]



Difference due to the effect of characters (coefficient)

The differences in the effects of characteristics indicated that 127.85% of the disparity occurred in Central Africa, 98.19% in West Africa, 117.6% in East Africa, and 115.92% in South Africa.

After controlling for individual and compositional factors, 127.85% of the disparity in inadequate MDD was due to differences in the effects of characteristics.

A significant difference in inadequate MDD, driven by differences in characteristic effects was associated with the educational status of both parents, the father’s occupational status, household size, and the household wealth index in Central Africa (Table 4).

In West Africa, 98.19% of the disparity in inadequate MDD was due to differences in the effects of various characteristics. A significant difference in inadequate MDD due to differences in the effects of characteristics (coefficient) was associated with the educational status of both parents, the sex of the household head, the number of living children, types of birth, and the preceding birth interval (Table 3).

After controlling for individual and compositional factors, 117.6% of the disparity in inadequate MDD remained unexplained due to variations in the effects of characteristics across East Africa. A significant difference in inadequate MDD due to differences in the effects of characteristics (coefficient) difference was observed. Key contributors to this difference included the mother’s educational status, the father’s occupational status, the age of the household head, and the wealth index (Table 5).

After controlling for individual and compositional factors in South Africa, 115.92% of the inadequate MDD difference remained unexplained due to the varying effects of characteristics. A significant difference in inadequate MDD due to these varying effects (coefficient) was associated with the educational status of the father, the number of children, the age of the household head, and the wealth index (Table 5).





Discussion

The study aimed to assess disparities in inadequate minimum dietary diversity (MDD) among children aged 6–23 months in Sub-Saharan Africa (SSA) between multidimensional poor and non-poor households. The findings reveal a high prevalence of inadequate MDD across SSA, with significant disparities between poor and non-poor households. The overall prevalence of inadequate MDD was 89.05%, with the highest prevalence in Central Africa (90.55%) and the lowest in South Africa (87.8%). The prevalence of inadequate MDD in SSA exceeds that of other regions, such as South Asia and Southeast Asia, where similar studies have been conducted (26, 31, 32), aligning with previous study findings (17, 33). This disparity could be attributed to limited access to child health services (34) and may be influenced by rapid population growth, socioeconomic disparities, drought, and various other natural and man-made factors that impact nutrition in SSA.

The disparity in inadequate MDD between multidimensional poor and non-poor households was most pronounced in East Africa (6.15%) and least pronounced in Central Africa (1.95%), which was higher than the figures from previous studies conducted in Bangladesh, India, and other Asian countries (32, 35). This variation may be due to environmental changes, socioeconomic variations, and differences in healthcare utilization. These findings highlight the urgent need for targeted interventions to address the nutritional needs of children in SSA, particularly in poor households.

The disparity in inadequate MDD between multidimensional poor and non-poor households is particularly concerning. The findings indicate that children in poor households are significantly more likely to experience inadequate MDD compared to their non-poor counterparts. This disparity is most pronounced in East Africa, where the difference between poor and non-poor households is high. This finding was in line with previous study findings (27, 36), which suggests that poverty is a major driver of inadequate dietary diversity in the region, and efforts to reduce poverty could have a significant impact on improving children’s nutritional outcomes.

The multivariate decomposition analysis revealed that several factors contribute to the disparity in inadequate MDD between poor and non-poor households. These factors include maternal education, paternal education, household wealth, residence, family size, and the number of children. The findings of this study are consistent with previous research conducted in SSA and other low- and middle-income countries. For example, studies in Ethiopia, Bangladesh, and India have also identified poverty, maternal education, and household wealth as significant determinants of inadequate MDD among children (26, 27, 32).

Maternal education was found to be a key factor in narrowing the gap in inadequate MDD between poor and non-poor households. A study conducted in India and Bangladesh utilized socioeconomic inequality decomposition analysis to support this finding (26, 27, 32). The potential reason is that educated mothers are more likely to address the nutritional needs and are better equipped to make informed decisions regarding their children’s diets.

Household wealth also plays a significant role in dietary diversity. Poor households are more likely to face economic constraints that limit their ability to purchase diverse foods, which is in line with other study findings (14, 26, 32). This finding is particularly true in rural areas, where access to markets and diverse food options is often limited.

The study found that rural residence was associated with a higher prevalence of inadequate MDD, consistent with previous research (37, 38). This underscores that children in rural areas often face greater challenges in accessing diverse and nutritious foods, which can be attributed to factors such as limited economic resources, fewer food options, and reduced health services.

The finding indicated that poverty, lower education levels, and rural residency contribute to the widening gap of inadequate MDD between multidimensional poor and non-poor households in SSA compared to their counterparts, which is consistent with other study findings (26, 32, 39, 40). One possible reason is that individuals in rural areas who are less educated and economically disadvantaged may be less likely to consume diversified foods due to economic constraints. For example, they may sell eggs to purchase other food items that are less expensive to alleviate their financial difficulties.

Family size and the number of children were also found to contribute to the disparity in inadequate MDD, which is in line with findings from other studies (26, 32, 39, 40). This disparity may be because larger households with more children face greater challenges in providing adequate dietary diversity due to limited resources. This situation is particularly evident in poorer households, where resources are already stretched thin.


Indications for policy and interventions

The findings of this study have significant implications for policies and interventions aimed at improving dietary diversity among children in SSA. Efforts should be made to reduce poverty and improve economic opportunities, particularly for women. This finding could include programs that provide financial support, improve access to education, and promote economic activities for women. Reducing poverty would not only improve dietary diversity but also yield broader benefits for child health and development. Finally, the study highlights the need for targeted interventions in regions with the highest disparities in inadequate MDD, such as East Africa. These interventions should be tailored to the specific needs of the region and address the underlying causes of poverty and food insecurity.



Strengths and limitations

This study’s strength lies in its reliance on nationally representative data, which makes its findings applicable to children across all SSA countries. While DHS surveys are conducted in a cross-sectional manner, they may not accurately reflect the true causal relationship between child health and nutrition. Additionally, the data gathered through these surveys is based on self-reported information, which can be influenced by recall bias or social desirability bias, representing a potential limitation of the study.




Conclusion

The study highlights a concerningly high prevalence of inadequate MDD among children aged 6 to 23 months in SSA, with significant disparities observed between multidimensionally poor and non-poor households. The prevalence of inadequate MDD was highest in Central Africa, while the largest gap between poor and non-poor households was found in East Africa. Key factors contributing to these disparities include women’s education, husbands’ education, the employment status of both parents, household wealth, place of residence (urban vs. rural), family size, and the number of children in the household. These factors were found to either widen or narrow the gap in inadequate MDD between poor and non-poor households.

The findings underscore the urgent need for targeted interventions and policies to address inadequate MDD among young children in SSA. Efforts should focus on reducing poverty, enhancing maternal education, and increasing employment opportunities, particularly for women, by promoting equitable economic prospects. Addressing these underlying factors is crucial to bridging the gap in dietary diversity and improving the nutritional outcomes of children in the region.
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Background: Malnutrition remains one of the most pressing health challenges, particularly in developing nations across Africa, placing a significant burden on both public health agencies and the affected countries. In countries such as Gabon, Gambia, Mauritania, Liberia, and Nigeria, the burden of malnutrition exacerbates public health systems, strains economic resources, and hinders sustainable development, underscoring the urgent need for coordinated efforts at national and international levels. This study aimed to determine the scope and underlying factors contributing to the elevated incidence of malnutrition in West African countries, specifically Gabon, Gambia, Liberia, Mauritania, and Nigeria.
Method: This study employed a quantile regression model to examine the determinants of malnutrition at various quantiles of interest across the Western African countries under consideration to facilitate focused policy measures and intervention strategies aimed at decreasing the prevalence.
Results: For the lower quantiles (0.1 and 0.25), which indicate severe malnutrition, significant variables included the child’s weight [quantile = 0.1, 95% CI(0.0063, 0.0103), quantile = 0.25, 95% CI(0.0054, 0.0107)], mother’s education level [No education: quantile = 0.1, 95% CI(−49.7471, −32.1376), quantile = 0.25, 95% CI(−38.1513, −22.4438) Primary: quantile = 0.1, 95% CI(−24.8095, −5.7693), quantile = 0.25, 95% CI(−19.5273, −6.3424) Higher: quantile = 0.1, 95% CI(5.6499, 40.3274), quantile = 0.25, 95% CI(21.8158, 40.278)], drinking water source [Natural Sources: quantile = 0.1, 95% CI(0.6877, 24.384),Piped: quantile = 0.1, 95% CI(25.578, 45.2368), quantile = 0.25, 95% CI(22.2782, 34.8212), Bottle/Sachet: quantile = 0.25, 95% CI(3.438, 98.1675)], toilet type [Flush: quantile = 0.25, 95% CI(2.2598, 18.3457),Other: quantile = 0.1, 95% CI(8.7863, 24.504), quantile = 0.25, 95% CI(7.0995, 20.1119)], household wealth index [Poorest: quantile = 0.1, 95% CI(−52.5112, −16.9197), quantile = 0.25, 95% CI(−48.3804, −23.0633),Poorer: quantile = 0.1, 95% CI(−38.8744, −4.7586), quantile = 0.25, 95% CI(−34.6993, −9.1766), Middle: quantile = 0.25, 95% CI(−28.9491, −6.5834)], health care visits [No: quantile = 0.1, 95% CI(−19.293, −3.6393), quantile = 0.25, 95% CI(−17.2342, −5.6411)], consumption of fortified foods and tubers [No: quantile = 0.1, 95% CI(−36.3898, −12.0378), quantile = 0.25, 95% CI(−17.8127, −1.2374)], anemia status [Anemic: quantile = 0.1, 95% CI(−15.9326, −1.1929), quantile = 0.25, 95% CI(−12.3361, −1.5516)], mosquito net usage [No: quantile = 0.1, 95% CI(−22.0323, −0.8033), quantile = 0.25, 95% CI(−13.8107, 1.1366)], child’s age [0 to 12 months: quantile = 0.1, 95% CI(81.6424, 105.7155), quantile = 0.25, 95% CI(61.4817, 78.5194),12 to 24 months: quantile = 0.1, 95% CI(0.5592, 24.933), 24 to 36 months: quantile = 0.1, 95% CI(7.9128, 40.2828)] and gender [Female: quantile = 0.1, 95% CI(4.5351, 17.9783), quantile = 0.25, 95% CI(5.0076, 15.4735)], and recent fever [No: quantile = 0.1, 95% CI(11.5663, 29.5984), quantile = 0.25, 95% CI(7.0313, 20.8918)]. Residence type was significant for the 0.25 quantile but not the 0.1 quantile [Rural: quantile = 0.25, 95% CI(−14.7051, −2.1455)]. At higher quantiles (0.75, 0.85, 0.9, and 0.95), factors such as the use of mosquito nets, formula feeding, and access to piped water remain significant, while socioeconomic determinants like maternal education and wealth index lose their influence. Common variables across all quantiles were mother’s age, child’s age (0 to 12 months), child’s gender, and recent fever.
Conclusion: These findings underscore the critical role of primary health care interventions in identifying and managing malnutrition, particularly among lower quantiles where severe malnutrition dominates. High-risk groups, such as teenagers and low-income mothers, should receive targeted support, including prenatal classes and counseling. Community caregivers can monitor at-risk individuals and ensure timely referrals, while collaborations with nonprofits can improve access to food and supplements. Promoting community food gardens, clean water access, and public workshops can further aid prevention and education efforts.
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Introduction

The World Health Organization (WHO) defines malnutrition as “deficiencies or excesses in nutrient intake, imbalance of essential nutrients or impaired nutrient utilization” (1–3). Malnutrition can lead to various dietary-associated non-communicable disorders. In 2016, WHO reported that approximately 155 million children under the age of 5 were stunted, with around 45% of deaths in this age group attributed to undernutrition, predominantly in low- and middle-income countries (1–3). In 2022, 22.3% of children under the age of 5 globally were affected by stunting, a significant decrease from 40.2% in 1990. However, progress has stalled in recent years, and the goal of halving stunting by 2030 remains out of reach (4). In Africa, 30.7% of children under the age of 5 experience stunting, exceeding the global average (5, 6). A similar pattern is evident in the West African countries of interest. In Gabon, 17.0% of children are stunted which is below the African average of 30.7%, whereas Gambia shows a slightly higher rate at 17.5%. Liberia has one of the highest stunting rates globally, with 35.5% of children affected, followed by Mauritania at 25.1% and Nigeria at 40% (5–9).

Anthropometric parameters, including mid-upper arm circumference (MUAC), weight, height, and age, are essential in categorizing different forms of undernutrition. Wasting, characterized by a low weight-for-height z-score (WHZ), often indicates acute, severe weight loss typically associated with food insecurity and acute illness. Stunting, identified by a low height-for-age z-score, reflects chronic or recurring undernutrition, often linked to factors such as poverty, poor maternal health, frequent or chronic diseases, low birth weight, and neonatal factors. Underweight is determined by a low weight-for-age z-score, and an underweight child may also be stunted or wasted. Additionally, micronutrient deficiencies, which affect around 2 billion people globally, result from inadequate intake of essential vitamins and minerals necessary for optimal growth and development. These deficiencies often involve multiple micronutrients, such as vitamin A, folate, iron, iodine, and zinc, and may arise from maternal undernutrition during pregnancy and lactation or socioeconomic challenges related to poverty and food insecurity (10).

Undernutrition severity is classified as moderate acute malnutrition (MAM) or severe acute malnutrition (SAM), with MUAC measurements used for diagnosis. MAM is indicated by a MUAC between 11.5 cm and < 12.5 cm, while SAM is diagnosed if a child has a MUAC of <11.5 cm or presents with nutritional edema (11). SAM diagnosis is associated with a mortality rate 10 times higher than that of children with a z score ≥ −1 (12).

Statistical models with the regression method have traditionally been employed to analyze childhood malnutrition across sub-Saharan African countries. However, previous approaches have primarily focused on mean regression rather than quantile regression (13). Utilizing quantile regression offers greater suitability in modeling malnutrition, as evidenced by extensive literature examples in Shibeshi and Asfaw (14), Seboka et al. (15), and Mtambo et al. (16). This method allows for the analysis of determinants corresponding to various quantiles of interest, such as the lower tail (e.g., 5% or 10%), upper tail (e.g., 90% or 95%), or median (50%) of the distribution, as opposed to solely analyzing the determinants of the mean distribution (16).The primary objective of this study (and by implication the hypothesis) is to employ a quantile regression model to examine the determinants of malnutrition at various quantiles of interest across the Western African countries under consideration include Gabon, Gambia, Liberia, Mauritania, and Nigeria to facilitate focused policy measures and intervention strategies aimed at decreasing the prevalence.

The present study represents a significant contribution in the field by introducing a novel framework utilizing quantile regression analysis to explore the determinants of malnutrition, while also incorporating dietary-related variables. Notably, there exists a dearth of literature that employs quantile regression techniques on datasets spanning multiple West African countries to identify the pivotal factors influencing malnutrition. This research addresses this gap, underscoring its innovative approach and potential to advance the understanding of malnutrition dynamics within Western African countries.



Methodology

Quantile regression was first introduced by Koenker and Basset (17). This regression technique is a statistical method used to model conditional quantiles of an outcome variable in relation to covariates, rather than focusing solely on the mean. This approach provides a robust framework for analyzing non-normal data and addressing statistical outliers. Compared to mean regression, quantile regression offers greater flexibility and insight into the underlying associations, especially when modeling anthropometric measurements and nutritional status. By analyzing quantiles at different percentiles of the distribution, such as the lower tail, median, or upper tail, quantile regression allows for a comprehensive examination of the determinants of nutritional status across various levels of the population distribution. This approach has been extensively supported in the literature as a more appropriate method for capturing the complexities of nutritional data and providing valuable insights into health determinants (13).

Let [image: Please upload the image or provide a URL for it so I can generate the alternate text.] be the target variable of interest and [image: Please upload the image or provide a link to it so I can generate the alternate text for you.] a vector of observed covariates. The quantile, denoted by, of [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] conditional on [image: Mathematical expression showing capital X equals lowercase x.] can be modelled using the quantile regression model expressed as:

[image: Quantile regression equation: \(Q_{y_{i} | x_{i}} (\tau | x_{i}) = x_{i}^{T} \beta_{\tau}\), representing the conditional quantile function, where \(x_{i}^{T} \beta_{\tau}\) denotes the linear predictor.]

Where, [image: Quantile function notation \( Q_{y_i \mid x_i} (\tau \mid x_i) \), representing the conditional quantile of \( y_i \) given \( x_i \) at quantile level \( \tau \).] is the condition [image: Greek letter tau with a superscript "th" written in italicized font.] quantile outcome given [image: Mathematical notation "x sub i." It represents an indexed variable often used in equations and data sets.] [image: Greek letter tau is an element of the open interval from zero to one.] is the [image: Greek letter tau with superscript "th".] quantile of the outcome variable (13).

The quantile regression model, once fitted, can be represented mathematically using the following equation:

[image: Mathematical equation representing a quantile regression model: \( Q_{y_i | x_i} = b_{0\tau} + b_{1\tau} x_{1i} + \ldots + b_{k\tau} x_{ki} + \varepsilon_{i\tau} \), where \( i = 1, 2, \ldots, n \).]

Where, [image: Mathematical notation showing "Q" with subscripts "y_i" and "x_i".] represents the quantile of the outcome variable y; [image: Black lowercase Greek letter tau, slightly slanted to the right, isolated on a white background.] denotes the quantile level; [image: The image displays a sequence of variables: \( b_{0\tau}, b_{1\tau}, \ldots, b_{n\tau} \).] denotes the coefficients per an independent variable at a specified quantile [image: It seems there was an issue displaying the image. Please try uploading a file or providing a direct URL to the image, and I will assist you in generating the alternate text.]; [image: Lowercase Greek letter epsilon with subscripts i and t.] denotes an error term; [image: Mathematical notation displaying a sequence of variables: x sub 1i, x sub 2i, through to x sub ki.] represent the independent variables.


Data

Demographic and Health Surveys (DHS) conducted within West African countries served as the primary data source for this secondary data analysis. The DHS employs a complex, multistage sampling design to ensure that the survey produces nationally representative estimates.

Specifically, the sampling design involves two-stage stratified cluster sampling. In the first stage, primary sampling units, typically corresponding to census enumeration areas, are selected based on probability proportional to size. Stratification is performed before sampling by dividing the population into subgroups, such as urban and rural areas within each region, to improve the precision of the survey estimates.

In the second stage, within each selected primary sampling unit, a systematic sample of households is drawn. This two-stage procedure ensures that all households have a known and non-zero probability of selection, though not necessarily equal, leading to the need for the application of sampling weights. These weights adjust for differences in the probability of selection and for non-response, allowing for unbiased, nationally representative estimates.

Given the complex design, design effects and clustering must be accounted for in all statistical analyses to ensure correct estimation of standard errors, confidence intervals, and significance tests. In this study, appropriate survey weights, stratification, and clustering variables, as provided by DHS, were incorporated into all analyses in accordance with DHS analytical guidelines.

Under the guidance of the DHS manual, the data used were extracted from the Kids Recode table, which has a unit of analysis of a child under the age of 5 born to a woman interviewed. A dataset was created by stacking these various datasets for the following countries: Gabon (2019–2021), Gambia (2019–2020), Liberia (2019–2020), Mauritania (2019–2021), and Nigeria (2021). Missing data was removed from the dataset. The dataset contained a total of 65,994 observations, with the distribution of the pooled data source being outlined in Figure 1.

[image: Bar chart showing the percentage of children in five countries. Gabon: 9.66%, Gambia: 12.67%, Liberia: 8.64%, Mauritania: 17.62%, Nigeria: 51.40%. Nigeria has the highest percentage.]

FIGURE 1
 Population distribution of the dataset.


The dependent variable of interest was the height-for-age z score (HAZ). According to World Health Organization (1–3), a child is considered malnourished when HAZ was less than −2.0 and was considered nourished when the HAZ was greater than −2.0.

This current scientific setting examined demographic, socioeconomic and environmental factors related to child malnutrition that have been explored in numerous prior studies. These factors served as the foundation for the present study, which led to the following potential independent variables being identified: region of the respondent, current age of the mother, type of residence, highest level of education obtained by the mother, source of drinking water, type of toilet facility, whether the household has electricity or not, gender of the head of the household, age of the head of the household, wealth of the household, whether the respondent slept under a mosquito net last night, whether the respondent visited a health facility in the last 12 months, whether the child was given milk or not, whether the child was given formula or not, whether the child was given fortified food or not, whether the child was given potatoes, cassava, or other tubers or not, whether the child was given eggs or not, whether the child was given meat or not, anemia level, whether the household has a mosquito bed net for sleeping or not, age of the child, gender of the child, whether the child had a fever in the last 2 weeks or not, whether the child had a cough in the last 2 weeks or not.

The theoretical framework employed was grounded in existing literature (13, 18–21). The framework employed draws on established theories and concepts to guide the selection of variables that are hypothesized to influence malnutrition.



Descriptive analysis

The descriptive statistics presented in the Table 1 provide a comprehensive overview of the study population’s key variables, highlighting both continuous and categorical data. The target variable, height-for-age standard deviation, reflects an average of −106.21 with a wide range (−598 to 598), indicating notable variability in child growth outcomes. Mothers in the sample are, on average, 29.62 years old, while household heads average 42.92 years, with ages ranging broadly from 14 to 98. Socioeconomic indicators reveal significant disparities: 41.27% of mothers have no formal education, and only 5.37% have attained higher education. Most households are rural (59.90%) and rely on wells (47.29%) or piped water (30.76%) as drinking water sources. Sanitation varies, with 46.04% using pit latrines and only 24.31% having access to flush toilets. Wealth distribution skews toward the lower end, with 27.85% of households classified as “poorest” and only 12.46% as “richest.” Nutritional and health behaviors underscore challenges in child nutrition and care. While 60.87% of respondents visited a health facility in the past year, the dietary data show that less than 20% of children were given milk, fortified food, or meat, and 80.58% are classified as anemic. Additionally, 67.83% of households own mosquito nets, but 51.98% of children did not sleep under any net the previous night. Child demographics reveal an even gender distribution and balanced representation across age groups, with around 20% of children in each age category from 0 to 60 months. While 22.42% of children experienced fever in the last 2 weeks, 17.36% reported a cough, pointing to recurring health concerns in the population. These findings highlight the complex interplay of demographic, socioeconomic, and environmental factors that influence health outcomes in this context.



TABLE 1 Descriptive statistics of the participants.
[image: A table displaying various demographic and health variables. Categories include mother's age, child weight, residence type, and more. Continuous data show averages and ranges; categorical data display percentages. Key statistics: average mother's age is 29.62 years, rural residence at 59.90%, and 41.27% of mothers have no education. Other notable figures: 60.87% visited health facilities in the last year, 80.58% of children are anemic, and 67.83% use mosquito bed nets.]




Results

Quantile regression offers a comprehensive and robust approach to analyzing the determinants of malnutrition, particularly in the context of Western African nations like Gabon, Gambia, Liberia, Mauritania, and Niger. By examining multiple quantiles, quantile regression provides a flexible and interpretable framework for capturing heterogeneity in the data, offering insights into how the effects of covariates vary across different segments of the outcome variable’s distribution (17, 22). Therefore, incorporating granular conditional quantiles in the analysis enhances the understanding of the factors influencing malnutrition and provides valuable insights for targeted intervention strategies.

A quantile regression model was applied to the sourced DHS data using a SAS QUANTREG procedure from SAS Enterprise Guide version 8.1, the results of which are discussed below. Supplementary Table 1 contains a summary of the results obtained from the various levels of quantiles explored (0.1, 0.25, 0.5, 0.75, 0.85, 0.9, and 0.95). A significance level of 0.05 was used. The quantile levels selected are aligned to research done by Abdulla et al. (23) and MokallaI and Mendu (24).

The analysis reveals that a mother’s current age is a significant determinant of malnutrition across all quantiles, with increasing importance from quantile 0.25 onwards. The child’s weight is significant only for quantiles 0.1, 0.2, and 0.5, where the coefficients remain relatively stable. The type of residence, using “Urban” as the reference, is only significant for the 0.25 quantile. The mother’s education level, with “Secondary” as the reference, shows that all education levels are significant from quantile 0.1 to 0.85, except for “No education” at quantile 0.90, and no levels are significant at quantile 0.95. The source of drinking water, with “Well” as the reference, indicates that the “Bottle/Sachet” category is significant at quantiles 0.25 and 0.5, “Natural sources” at quantiles 0.1, 0.5, 0.75, and 0.85, and “Piped” from quantile 0.1 to 0.9, while “Other” is significant only at the 0.5 quantile.

Regarding toilet facilities, with “Pit” as the reference, “Flush” is significant for all quantiles except 0.1, and “Other” is significant across most quantiles except 0.95. The gender of the household head, using “Male” as the reference, is significant only at the 0.5 quantile. The wealth index, with “Richest” as the reference, shows that the “Poorest” category is significant across all quantiles except 0.9 and 0.95, while “Poorer” is significant similarly but also insignificant at 0.85. The “Middle” category is significant only at quantiles 0.25, 0.5, and 0.75, and “Richer” is not significant in any quantile.

The use of mosquito nets, with “Only untreated nets” as the reference, is significant at quantiles 0.5, 0.75, 0.85, and 0.90 for “No net” and at quantiles 0.5 and above for “Only treated nets.” Whether the child visited a healthcare facility in the last 12 months, with “Yes” as the reference, is significant in all quantiles except 0.75 and 0.85. Formula feeding, with “Yes” as the reference, is significant at quantiles 0.5, 0.75, and 0.90. Receiving fortified foods, with “Yes” as the reference, is significant only at quantiles 0.1 and 0.25, while giving tubers is significant at quantiles 0.1, 0.25, and 0.5, and giving eggs is significant at quantiles 0.5 and 0.75. Giving meat is significant across all quantiles except 0.1 and 0.25.

Anemia presence, with “Not Anemic” as the reference, is significant only at quantiles 0.1 and 0.25. The presence of a mosquito net, with “Yes” as the reference, is significant only at quantiles 0.1 and 0.95. The age of the child, with “48 to 60 months” as the reference, shows that “0 to 12 months” is significant across all quantiles, “12 to 24 months” is significant for all but quantiles 0.25 and 0.95, “24 to 36 months” is significant only at quantiles 0.1 and 0.95, and “36 to 48 months” is not significant in any quantile. Lastly, whether the child had a fever in the last 2 weeks, with “Yes” as the reference, and the gender of the child, with “Male” as the reference, are significant across various quantiles, while whether the child had a cough in the last 2 weeks is significant only at quantiles 0.5 and 0.95. Variables like household electricity and giving milk showed no significant relationship with malnutrition across the quantiles.

Annexure A provides a concise overview of the quantile regression results, focusing on significant variables. The graphs display individual coefficients with a 95% confidence interval. Within Annexure A, the intercept represents the estimated conditional quantile function for malnutrition in children under 5 years old, showing a less negative impact in the upper quantiles compared to the lower ones.

For the Residence type variable, a declining trend is seen for quantiles below 0.25, followed by an upward trend up to quantile 0.5, and a slight decline above 0.5. The mother’s current age variable shows a decreasing slope below quantile 0.25 and an increasing trend above it, indicating a greater positive impact in the upper quantiles. Children of mothers with no education exhibit an increasing trend across quantiles, with more severe impacts at lower quantiles, unlike mothers with primary or higher education, who show a declining trend around quantiles 0.25 and 0.5.

Households with piped drinking water sources display a decreasing positive impact across quantiles, while those with natural sources, sachet/bottle, tanker, and other sources show less clear trends with some reversals. A rising positive trend is noted for households with a flush toilet facility up to quantile 0.75, followed by a slight decline, whereas households with other toilet facilities show a decreasing trend up to quantile 0.5, followed by an increase.

The age of the head of the household generally shows a decreasing trend across quantiles. The wealth index reveals an increasing trend for “Poorer” and “Poorest” households, with a trend break for the “Poorest” from quantile 0.75 onwards. “Middle” and “Richer” households initially show a decreasing trend, with a reversal at quantiles 0.50 and 0.85.

For children who did not sleep under a mosquito net, there is a declining trend up to quantile 0.25, continuing steadily downward, with a similar trend for those who slept under a treated net. Children who did not visit a healthcare facility in the last 12 months show an inclining trend across all quantiles. A declining trend is seen for children who did not consume baby formula, with an increasing trend between quantiles 0.75 and 0.85. Children who did not receive fortified baby foods and tubers show an increasing trend up to quantile 0.75, followed by a decline and an uptick at quantile 0.90, while those who received eggs show a declining trend up to 0.75, then an increase.

Children who were anemic and those who did not use a mosquito net both exhibits increasing trends, moving from negative to positive coefficients at quantiles 0.65 and 0.55, respectively. The age of the child shows a decreasing trend up to quantile 0.9, where it shifts to an increasing trend. For female children, a positively increasing trend is observed. Children without a fever or cough in the last week initially show a decreasing trend up to quantiles 0.25 and 0.5, followed by an increasing trend. Lastly, no significant trend is observed for the child’s weight variable.



Discussion

Malnutrition remains a significant challenge in Western Africa contributing substantially to pediatric morbidity and mortality rates (25). Despite efforts by Western African governments, non-profit organizations, and humanitarian initiatives to mitigate its effects through healthcare policies and enhanced access to care, a more proactive response is necessary to address this health crisis effectively.

This study draws upon data from the DHS. Its primary aim is to discern the factors influencing malnutrition in children aged 59 months or younger. By identifying at-risk populations promptly and implementing preventive measures, the study seeks to enhance pediatric health outcomes.

When referring to the lower quantiles, namely 0.1 and 0.25, which relate to the most severe level of malnutrition, the common variables that are deemed to be significant for both of the lower quantiles were the weight of the child, the highest level of education obtained by the mother, the source of drinking water, type of toilet facility, the wealth index of the household, whether the child visited a health care facility in the last 12 months or not, whether the child was given fortified foods, whether the child was given tubers, whether the child was anemic or not, whether the child slept under a mosquito last night or not, the age of the child, the gender of the child and whether the child had a fever in the last 2 weeks or not. It should be noted that the residence type was deemed to be significant for the 0.25 quantile and not the 0.1 quantile.

Furthermore, there are common variables that were observed to be significant regardless of the quantile in which was under analysis, these variables were the current age of the mother, the age of the child the “0 to 12 months” category, the gender of the child and whether a fever was present in the last 2 weeks or not.

The findings of this study are comparable to other papers in literature such as a paper by Sharaf et al. (20) who applied a quantile regression technique to 2014 Egypt Demographic and Health Survey data to identify key risk factors of malnutrition using HAZ as a target variable; the study noted that the level of the mothers education, mother age and the wealth of the household are significant determinants of malnutrition. A Bayesian quantile regression approach was applied by Gayawan et al. (26) on 2013 Nigeria Demographic and Health Survey data which noted that the level of a mothers education, household wealth, type of toilet facility, whether a child had a fever in the last 2 weeks or not are all significant risk factors in relation to malnutrition. Furthermore, the study also found that whether a child had a cough in the last 2 weeks and whether the household had electricity or not was not a significant factor in determining malnutrition. However, Gayawan et al. (26) did find contrary results to this paper where the source of drinking water was deemed to be an insignificant determinant of malnutrition. A study by Aheto (13) employed a multivariable simultaneous quantile regression model to identify determinants for severe stunting based on HAZ on data from the 2014 Ghana Demographic and Health Survey; identified gender, age of the child, mothers age, mothers educational level and wealth index as significant contributors to malnutrition as well. However, the study did not find the variables that denotes whether a child had a fever in the last 2 weeks to be a significant risk factor for malnutrition which is contrary to the findings within this paper. Shiratori (21) utilized a quantile regression approach onto data from 2010 Tanzania Demographic and Health Survey to identify the key determinants of malnutrition using HAZ as an indicator of malnutrition; the study showed that the level of the mother’s education, the wealth index of the household, gender of the child and type of toilet facility are significant risk factors of malnutrition. However, in contrast to the findings of this paper, Shiratori (21) noted that the type of residence of the child is not a significant determinant of malnutrition.

These findings underscore the necessity for further investigation into the factors influencing malnutrition in Sub-Saharan Africa, with a specific emphasis on Gabon, Gambia, Liberia, Mauritania, and Nigeria. The findings highlight the importance of targeted primary healthcare interventions, especially for high-risk pregnancies in low-income households. Identifying and supporting young women with low education and wealth levels is crucial. Providing access to contraception, prenatal education, and continuous monitoring by community health workers can help prevent and manage malnutrition. During postnatal visits, regular measurements and prompt referrals for malnourished children are essential to ensure appropriate care (27, 28).

Local governments should collaborate with nonprofits to provide food aid, fortified foods, and high-protein supplements to families of malnourished children. Community food gardens and clean water access should be prioritized to empower local women and improve child nutrition. Government infrastructure programs should address water and sanitation needs in areas with high malnutrition rates. Providing mosquito nets to children at birth and organizing regular community outreach initiatives can further mitigate malnutrition risks. Technology offers potential solutions, such as enrolling high-risk mothers in webinars on antenatal care or utilizing offline mobile health apps for prenatal and antenatal guidance (31, 32).

Future research endeavors may extend the scope of variables examined, especially financial metrics, by incorporating gross domestic product as a variable of interest. Additionally, a comprehensive exploration of health determinants could encompass chronic ailments and infectious diseases, including prior or current tuberculosis infection, prevalence of human immunodeficiency virus (HIV), and HIV disease stage. Moreover, the impact of prenatal factors such as gestational age and prenatal vitamin supplementation, as well as postnatal factors like low birth weight, feeding practices, vaccination rates, vitamin A supplementation, deworming, and postnatal healthcare visits, on nutritional outcomes warrants investigation. Social factors such as primary caregivers and eligibility for government subsidies could also be scrutinized. Employing longitudinal analysis methods may unveil significant trends over time. Furthermore, the inclusion of spatial variables or more granular quantiles could also be valuable. Alternative methodologies, such as generalized additive models or spatial quantile regression, can further be employed.



Conclusion

This study employed a quantile regression model to investigate the determinants of childhood malnutrition between 2019 and 2021 across five West African countries: Gabon, Gambia, Liberia, Mauritania, and Nigeria. The findings highlight a range of factors significantly associated with malnutrition, particularly among children situated in the lower tails of the height-for-age z-score distribution, where severe malnutrition is most pronounced. Key determinants included child weight, maternal education level, household wealth, access to clean drinking water and sanitation facilities, dietary diversity, anemia status, healthcare access, use of mosquito nets, and the child’s age and gender. These results emphasize the critical need for multi-sectoral interventions targeting both socioeconomic and health-related risk factors to effectively reduce malnutrition and improve child health outcomes within these regions.


Limitations

The study’s limitation lies in its reliance on cross-sectional data, suggesting that longitudinal research could uncover more significant patterns.



Recommendations

Based on the study’s findings, several key recommendations are proposed to policymakers, health practitioners, and researchers. Targeted interventions are urgently needed to support high-risk groups, particularly young mothers with limited education and low socioeconomic status. Strategies should include improving access to prenatal and postnatal healthcare services, enhancing community-based nutrition education, and providing fortified foods and micronutrient supplements. Investments in infrastructure to ensure safe drinking water and proper sanitation, alongside distribution of mosquito nets and malaria prevention initiatives, are also critical. Collaborative efforts between governments, non-profit organizations, and community groups can foster sustainable food security initiatives, such as local food gardens and nutrition support programs. Future research should prioritize longitudinal studies to capture temporal patterns of malnutrition and explore the inclusion of more detailed socioeconomic and health-related variables to enrich the understanding of malnutrition dynamics in West Africa.
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Variables

Gender HH
Education
Participation Psnp
Have account form fin
Chemical fertusen
Crop rotation
HHHRS agricultural
Distance road
Distance market
Distance financial

Income Livestock sales

0.847

0.387

0.057

0252

0.426

0722

0152

~0.146

-0271

-0.262

0.050

Unadjusted

€5
0.671
0303
0.098
0174
0799
0299
~0.108
0.104
0.193
0.187

—0.036

0.402

0178

0153

0195

0778

0847

0260

0250

0.464

0.449

0.086

0.847

0.387

0.057

0252

0.426

0722

0152

~0.146

-0271

-0.262

0.050

0859

0353

0.038

0230

0394

0799

0.156

~0.183

~0.364

~0.297

~0.080

0.029

0.072

0.069

0.055

0.065

0.154

0.004

0.037

0.093

0035

0130

0782

0365

0.060

0240

0584

0549

-0.010

~0.010

~0.027

~0.001

~0.021

0742

0327

0.076

0.207

0612

0.507

0.000

0.000

0.000

0.000

0.000

0.092

0.078

0.058

0.082

0.057

0.084

0.010

0.010

0.027

0.001

0.021

CC, crop commercialized; CS, completely subsistence; ASD denotes the absolute value of the standardized mean difference; OFM, optimal full matching; IPTW, inverse probability of

treatment weighting,
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The description of variables /measurement Commercialized (N = 1,129; Subsistence (N = 1,585; p-value

58.4%)
Gender HH Gender of the household head (=1, if male) 956 (84.67%) 1,064 (67.13%) <0.0001
Education Education of the household head (=1, if literate) 437 (38.71%) 480 (30.28%) <0.0001
Currently married =1,if Currently married 954 (84.50%) 1,131 (71.36%) <0.0001
Married before =1, if Widowed/divorced/separated 153 (13.55%) 383 (24.16%) <0.0001
Participation Psnp Participation in productive safety net program; =1, if the household received any 64(567%) 156 (9.84%) <0.0001
assistance through PSNP in the past 12 months
Saving (yes) Save in any way (at private & public banks, microfinance, SACCO, home, family, and 300 (26.57%) 288 (18.17%) <0.0001
Have account form fin beinga formal financial institution’s customer, .., private, public bank, and 285 (25.24%) 275 (17.35%) <0.0001
microfinance (=1, if yes)
Improved seed use Houschold uses improved seed (=1, if yes) 357 (31.62%) 161(10.16%) <0.0001
Chemical fertusen Households use chemical fertilizers on any one of your crop fields (=1, f yes) 481 (42.60%) 1,266 (79.87%) <0.0001
Crop rotation Household exercise crop rotation on your land holding (=1, if yes) 815 (72.18%) 474(29.90%) <0.0001
Age HH age of the household head in years 4595 (0.43) 4423 (040) 0.0036
House hold size the household size in number 5.11(0.063) 4,65 (0.06) <0.0001
Landsize land size in hectares 1.07(0.04) 043 (0.02) <0.0001
Livestock holdings In the tropical livestock unit (TLU) 358 (0.12) 404 (0.20) 0.0492
Remittance Income transfers/gifs in birr 27636 (51.38) 85490 (121.27) <0.0001
Share of non farm income  percentage share of total household cash income came from non-farm enterprises in 3.67(0.41) 449 (041) 0.1555
the last 12 months
Agri wage ‘The estimated yearly income from wage employment in agriculture during the 22892 (77.87) 331.56 (91.06) 03918
preceding 12 months
HHHRS agricultural Total household hours for agricultural activities 5874 (1.66) 4461(132) <0.0001
Distance road Household distance to the nearest major road in km 18.33 (0.54) 2573 (0.88) <0.0001
Distance market Household distance to nearest market in km 58.40 (1.27) 88.40(1.85) <0.0001
Distance financial Household distance to the nearest formal financial institution in km 19.68 (0.66) 4022(138) <0.0001
Distance capitalre Household distance to the capital of region residence in km 0.13 (0.003) 0.18 (0.003) <0.0001
Income Livestock sales  Total income from livestock sales in Birr 3817.51 (363.91) 295289 (205.54) 0.0387

Bolded p-values are significant at the 1 and 5% level of significance; mean (standard deviation) is supplied for continuous, while frequency (%) is used to describe binary variables.
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Region Indices according to Subgroups’ Each dimension’s contribution (%)
subgroup (absolute) contribution to
indices (%)

H M, proportion H M, Nutrition ~ Education  Standard Rural
of N & Health of living livelihoods
and
resources
Tigray 0327 0129 0.136 0.093 0.088 0193 0.224 0213 0204 0.166
Afar 079 0345 0.099 0.166 0171 0233 0.131 0.296 0.223 0.117
Amhara 0291 0117 0.166 0.101 0.09% 0171 0248 0250 0153 0177
Oromia 0455 0190 0.136 0129 0129 0.226 0232 0.264 0.126 0.152
Somali 0753 0324 0.107 0.169 0173 0225 0121 0.284 0227 0.143
Benisha. 0366 056 0052 0.040 0.041 0226 0.190 0221 0.165 0.199
SNNP 0466 0194 0.143 0139 0138 0.204 0218 0.263 0.140 0176
Gambela 0628 0270 0.066 0.087 0.089 0228 0.152 0.256 0.278 0.086
Harar 0295 0113 0049 0,030 0027 0241 0.268 0170 0.161 0161
Dire da 0484 0210 0,045 0.045 0.047 0230 0.160 0218 0201 0.191
Total 0478 0201 1.000 1.000 1.000 0217 0183 0.260 0.191 0.149

H, multidimensional headcount ratio; M, adjusted multidimensional headcount ratio; N, Population.
Author's computations made with the Ethiopian Socioeconomic Survey (ESS 2018/19).
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Dimension Crop commercialization status Gender

Cs cc female

Indices by subgroups

H 0538 0394 0512 0467 0478
Mo 0.228 0.162 0217 0195 0.201
Share of Population 0.584 0416 0256 0744 1.000
Each dimension’s contribution

Nutrition and health 0219 0211 0219 0216 0217
Education 0.168 0213 0.180 0184 0.183
Standard of living 0270 0240 0267 0257 0.260
Rural livelihoods and resources 0.202 0.169 0.187 0193 0.191
Risk 0.141 0.167 0.147 0.150 0.149

H, multidimensional headcount ratio; Mo, adjusted mulidimensional headcount ratio; CS: completely subsistence; CC, crop commercialized,
Author's computations made with the Ethiopian Socioeconomic Survey (ESS 2018/19).
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Dimension
Nutrition and
health

Education

Living standards

Rural livelihoods

and resources

Risk

Indicator
Child malnut

Health
Years of schooling
School attendance
Electricity
Improved sanitation
Drinking water
Housing

Cooking fuel

Assets

Child labor
Extension services

Agricultural assets

adequacy
Social protection
Denial of credit

Exposure to risk & coping

‘mechanisms

0002

0214

0099

0084

0054

0029

0040

0049

0079

0009

0017

0053

0051

0070

0015

0135

0217

0183

0260

0191

0.149

Author’s computations made with the Ethiopian Socioeconomic Survey (ESS 2018/19).
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Diment

Nutrition and Health Child malnutrition
Health

Education Years of schooling
School attendance

Living standards Electricity
Improved sanitation

Drinking water

Housing

cooking fuel

Assets

Rural livelihoods and Child labor

resources
Extension services
Agricultural assets
adequacy
Social protection
Risk Credit denial

Exposure to risk and

coping mechanisms

Modified from FAO and OPHI (16).

Atleast one child (aged 6 to 60 months) who lives in the family is stunted and/or

underweight
No family members use health insurance services
No household member aged 13 years or older has finished 6 years of education

Atleast one person living in the household who is old enough to fnish class 8 does not go

to school (all children between the ages of 7 and 15 years)

‘There is no solar energy or electricity in the household

“The sanitary faci es)

s at the home are not upgraded (according to SDG gu

Safe drinking water is either unavailable to the household or must be walked at least

30 min each way from the residence

The house is composed of inadequate or unsuitable natural materials, and its roof, walls,

and floor are all in poor condition
“The household uses charcoal, wood, or manure for cooking

‘The household does not own more than one of the following assets; television, radio,

telephone/mobile phone, rfrigerator; bicycle, motorbike, or oxcart, and does not own a

vehicle.
A minimum of one member of the household who is younger than 11 years old works in
agriculture

“There is no extension service available to any member of the household

In terms of cumulative distribution, the land operated by houscholds issituated in the
lower 40%

Members of a household getting government social asistance pension payments, o sacial
protection (iddir)

If the households loan applications were denied on all occasions

“The family experienced covariate shocks, but they employed informal and insufficient
coping mechanisms, such as selling possessions, altering their diet, and taking on more

employment
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Obese

Under

Model Il

Over

Obese

Under

Model Il

Over

Variables Model |
Over
Age in years
15-19(R)
2024 075071,078)}  154(147, 1.62)"
25-29 073(070,078)  241(2.28,254)"
30-34 0.70(0.66,0.74)"  3.27(3.09, 3.46)"
35-39 073(0.68,077)"  3.87(3.65,4.10)"
40-44. 079(0.74,085)  4.31(4.05,4.59)"
45-49 083(0.77,090)"  4.56(4.27,4.87)"
Educational level

No education

Primary 0.80(0.78,0.83))  1.22(1.18,1.26)"
Secondary 0.64(061,066)  1.52(1.47, 1.58)"
Higher 0.70064,0.76))  1.66(1.57,1.76)"
Wealth index

Poorest (R)

Poorer 0.82(079,085)  1.20(1.15,1.26)"
Middle 0.76(0.73,079)"  1.49(1.43, 1.56)"
Richer 0.69(067,073)  1.98(1.89,2.07)"
Richest 067(0.63,070)  2.56(245, 2.68)"
Parity

Nulli (R)

Multi 081(0.77,085)  1.23(1.17,129)"
Grand 0.83(0.78,0.89))  1.08(1.02, 1.15)"
Union

Never (R)

Currently 083(079,087)  L16(111, 1.21)"
Formerly 087(082,093) 1050099, 1.1/
Current working

No (R)

Yes 0.70(067,072)  1.01(0.98, 1.04)
Currently breastleeding

No (R)

Yes 104100, 1.08)*  077(0.75,079)"
Contraceptive method

No (R)

Modern 070(067,072)"  1.20(1.16, 1.23)"
Media exposure

No (R)

Yes 0.81(078,0.83)  1.37(1.33, 1.41)"
Place of residence

Urban (R)

Rural

Year of survey

2011-2014 (R)
2015-2019
2020-2024

Subregion

Central and Southern®
East

West

p-value of <0.001, p-value of <0.01, *p-value of <0.05, a normal BMI i the reference for the dependent variable [not shown]; the “(R)” reference is for the category of

reference category.

Null model

icc 0.1109948
PCV NA
Log-likelihood ~262743.2
AIC 5254944
BIC 525536.1
Variance 04107494

170(1.58, 1.83)"
3.46(3.20,3.74)"
6.37(5.89, 6.90)"
9.04(8.33,9.80)"
10.99(10.09, 11.96)"

12.42(11.37,13.56)'

1.75(1.67, 1.83)"
2.67(2.55,2.80)"
290(2.71,3.10)"

1.15(1.08, 1.22)"
1.58(1.49, 1.68)"
224(2.11,2.37)"

3.28(3.08,3.48)"

1.53(1.44, 1.63)"

1.13(1.05, 1.21)"

111(1.05, 1.17)*
0.98(0.91,1.04)

0.83(0.81,0.86)"

0.64(0.61,0.66)"

1.29(1.25,1.33)"

1.74(1.67, 1.82)"

1.25(1.21,1.29)"

0.90(0.86, 0.95)"
0.88(0.84, 0.91)"

0.90(0.84,0.98)"

0.97(092,1.02)

Model 1

008277383
02771999
241,236
482,606
4833042

0.2968897

ICC, intra-cluster correlation; PCV, proportional change of variance; AIC, Akaike Information Criteria; BIC, Bayesian Information Criteria.

46(0.45,0.47)"

1.29(1.24,134)"

146(1.41,152)"

0.83(0.79, 0.86)"
0.83(0.79,0.87)"

032(031,033)"

1.09(1.05, 1.14)"

119(1.14, 1.24)"

077(0.73,081)
0.62(0.60, 0.66)"

0.74(0.71,078)"
0.73(0.69,0.77)"
0.69(0.65,0.73)"
0.71(0.67,0.76)"
0.78(0.73,0.84)"

0.82(0.76, 0.88)"

0.76(0.73,0.79)"
0.62(0.60,0.65)"
0.68(0.63,0.74)"

0.83(0.79, 0.86)"
0.78(0.75,0.81)"
0.72(0.69,0.76)"

0.69(0.66,0.73)"

0.82(0.78,0.87)"

0.84(0.79,0.90)"

0.82(0.78, 0.86)"
0.84(0.79,0.90)"

0.84(0.82,0.87)"

1.03(0.99, 1.07)

0.69(0.66,0.71)"

0.80(0.78, 0.83)"

1.00(0.96, 1.04)

0.80(0.77,0.83)"

0.95(0.91,0.98)¢

096(0.91, 1.01)

0.89(0.84,0.94)"

1.54(1.46, 1.61)'
239(2.26,2.52)'
3.23(3.05, 3.42)
3.80(3.58, 4.03)
4.23(3.97,4.51)'

4.47(4.19,4.78)

1.30(1.25, 1.35)"
1.51(1.45,1.57)"
1.66(1.56, 1.76)"

119(1.13, 1.24)!
1.43(1.36, 1.49)'
179(1.71,1.87)'

2.20(2.09,2.31)

1.19(1.13,1.25)"

1070101, 1.14)*

1.22(1.17, 1.28)"
1.12(1.06, 1.18)"

0.98(0.95, 1.00)

0.78(0.76, 0.81)"

1.22(1.18, 1.25)'

1.32(1.28,1.36)"

0.69(0.67,0.72)"

1.23(1.19, 1.28)'

1.36(1.31,1.41)"

0.73(0.70,0.77)"

0.87(0.83,091)'

1.66(1.54,1.78)"
331(3.06,3.58)"
6.08(5.62,6.58)"
8:60(7.92,9.32)"
10.50(9.65, 11.43)"

11.90(10.89, 12.99)°

1.77(1.69, 1.85)"
2.49(2.37,2.62)"
2.77(2.58,2.97)

1.13(1.06, 1.21)"
1.48(1.40, 1.58)"
1.90(1.78, 2.02)"

2.48(2.32,2.65)"

1.46(1.38, 1.56)"

1.10(1.02, 1.18)*

121(1.14, 1.28)"
1.03(0.96, 1.10)

0.84(0.81,0.87)"

0.65(0.62, 0.68)"

1.32(1.28,1.37)"

1.67(1.60, 1.75)"

0.58(0.55,0.60)"

0.99(0.95, 1.04)
1.04(0.99, 1.09)

0.68(0.64,0.72)"

0.77(0.73,0.81)"

dependent variable; for all independent variables, the first category is the

Model 2
0.0897144
02106201
~257796.8
5156316
5158296

03242373

Model 3
007918918
03111939
~210069.9
4803038
4811583

0.2829267
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Place of residence
Urban
Rural
Age
15-19
20-24
25-29
30-34
35-39
40-44
45-49
Educational level
No education
Primary
Secondary
Higher
Wealth index
Poorest
Poorer
Middle
Richer
Richest
Currently breastieeding
No
Yes
Contraceptive use
No
Yes
Marital status
Never in union
Currently in union
Formerly in union
Respondents employment status
No
Yes
Parity
Nulliparous
Multipara
Grand multipara
Media exposure
No
Yes
African region
Central and Southern
East

West

Underwe

8,063 (8.18)
20,055 (13.45)

10,347(19.08)
4,739 (11.07)
3,640(9.09)
2,795(8.02)
2,510(8.03)
2,147(8.82)
1938(9.63)

10,453(14.53)
8,533(11.48)
8254(9.52)
875(5.92)

7,011(16.81)
6,006(13.45)
5.674(11.78)
5.035(9.54)
4,391(7.27)

20,845(11.33)
7,273(11.40)

23,538(13.07)
4,580(6.77)

11,692(15.66)
14,186(9.50)

2,240(9.44)

15,380(13.91)

12,708(9.26)

11,606(16.55)
10,386(8.68)
6,127(10.56)

11,378(15.67)
16,740(9.56)

3,375(11.17)
12,468(11.24)
12.275(11.51)

Normal

52,031(52.77)
101,129(67.81)

38,113 (70.29)
29,820 (69.63)
25,358(63.29)
19,920(57.12)
16,881(54.00)
12,748(52.35)
10,320(51.27)

47,931(66.62)
47,589(64.04)
50,767(58.57)
6,336(46.43)

29,148(69.89)
30,793(68.94)
31,382(65.13)
31,005(58.76)

30,832(51.04)

102,095(59.42)
43,687(68.47)

114,041(63.32)
39,119(57.85)

49,209(65.89)
90,237(60.43)

13,713(57.81)

70,389(63.67)
82,594(60.31)

46,923(66.91)
70,634(59.06)

35,602(61.38)

50,355(69.33)
102,805(58.71)

17,179(56.83)
70,604(63.68)
65,376(61.32)

Overweig

22,535(22.85)
19,311(12.95)

4,270(7.87)
5,909(13.80)
7,397(18.46)
7,459(21.39)
6,965(22.28)
5422(22.28)
4425(21.98)

9,791(13.61)
11,593(15.60)
16,506(19.04)
3,954(26.73)

3998(9.58)

5,470(12.25)
7379(15.32)
10506(19.91)

14,493(23.99)

32,929(17.90)
8.916(13.97)

27,428(15.23)
14,418(21.32)

9,232(12.36)
27,937(18.71)

4,677(19.72)

15,921(14.40)

25,897(18.91)

8,063(11.50)
23,240(19.43)

10,543(18.18)

7,868(10.83)
33,977(19.40)

5,566(18.41)
17,031(15.36)
19,248(18.05)

bese

15,973(16.20)
8,635(5.79)

1,496 (2.76)
2360(5.51)
3,668(9.16)
4,697(13.47)
4,905(15.69)
4,035(16.57)
3:446(17.12)

3,771(5.24)

6,594(8.87)
11,150(12.86)
3,094(20.92)

1,550(3.72)
2,397(537)
3,745(7.77)
6221(11.79)

10,695(17.70)

20,680(11.24)
3,928(6.17)

15,104(8.39)
9,503(14.05)

4550(6.09)
16,965(11.36)

3,092(13.04)

8.854(8.01)

15,748(11.50)

3,539(5.05)
15334(12.82)

5,734(9.89)

3,027(4.17)
21,580(1232)

4,107(13.59)
10,779(9.72)
9.722(9.12)

Overall

39.80

60.20

2189
17.29
1617
1408
1262
983

813

2004
30,00
3499

597

1684
1803
1945
2130
2438

7424

2576

3015
60.28

957

4467
55.33

1220
4476

43.04
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Variable Descripti

Place of residence ‘The type of residence where the respondent was interviewed was either urban or rural. Urban areas are classified into large cities

e
(capital cities and cities with over 1 million population), small cities (population over 50,000), and towns (other urban areas), while

all rural areas are considered to be countryside.

Age Age of the women in 5-year groups
Educational level “This standardized variable provides education levels in the following categories: No education, Primary, Secondary, and Higher.
Wealth index ‘The wealth index is a composite measure of a household's cumulative living standard. It s calculated using easy-to-collect data on a

households ownership of selected assets, such as televisions and bicycles, materials used for housing construction, and types of water

access and sanitation facilities. Generated through principal components analysis, the wealth index places individual households on a

continuous scale of relative wealth. DHS separates all interviewed households into five wealth quintiles to compare the influence of

wealth on various population, health, and nutrition indicators.

Breastfeeding Whether the respondent is currently breastfeeding a child
Contraceptive use Current contraceptives use either modern methods as “yes” or “no” otherwise.
Marital status Whether the houschold member is currently, formerly, or never married (or lived with a partner). Currently married includes

‘married women and women living with a partner, and formerly married includes widowed, divorced, or separated women and

women who have lived with a partner but are not now living with a partner.

Respondents employment status  Whether the respondent was working during the time of the survey or not
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Country Year of Sample Percentage

survey
1 Benin 2018 7,827 316
2 Burkina Faso 2021 15,654 631
3 Burundi 2017 7,747 312
4 Cameroon 2018 6,119 247
5 Chad 2015 9,426 38
6 Comoros 2012 4,766 192
7 Congo 2014 4927 199
8 Cote d'voire 2012 6,635 268
9 DR Congo 2021 7,892 318
10 Ethiopia 2016 13,505 545
1 Gabon 2021 5,557 224
12 Gambia 2020 5350 216
13 Ghana 2022 6919 279
14 Guinea 2018 4782 193
15 Kenya 2022 15,377 62
16 Liberia 2014 3726 15
17 Lesotho 2020 6,257 252
18 Madagascar 2021 8,704 351
19 Malawi 2016 7.274 293
20 Mali 2018 4436 179
21 Mozambique 2011 11,877 479
2 Nami 2013 4,008 162
23 Niger 2012 4244 171
24 Nigeria 2018 12984 524
25 Rwanda 2020 6,792 274
26 Senegil 2011 5126 207
27 SierraLeone 2019 6,898 278
28 South Africa 2016 3222 13
9 Tanzania 2022 6,867 277
30 Togo 2014 4326 174
31 Uganda 2016 5272 213
32 Zambia 2014 14510 585
33 Zimbabwe 2015 8,905 359

Total 247,911 100
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Study

Ethiopia
Burundi
Chad
Madagascar
DR Congo
Niger
Mozambique
Malawi
Rwanda
Senegal
Benin
Burkina Faso
Zambia
Uganda
Sierra Leone
Guinea

Mali

Congo
Nigeria
Togo
Tanzania
Comoros
Cote d'lvoire
Liberia
Zimbabwe
Namibia
Cameroon
Gambia
Kenya
Ghana
Losotho
Gabon
South Africa

Overall (12 = 99.70%, p = 0.00) <>
'

Obesity

%
ES(95%Cl)  Weight

0.02(0.01,0.02) 3.05
0.02(0.01,0.02) 3.05
0.02(0.02, 0.03) 3.05
0.03(0.02,0.03) 3.05
0.03(0.03, 0.04) 3.04
0.04(0.03, 0.05) 3.04
0.04(0.04, 0.05) 3.05
0.06 (0.05, 0.06) 3.04
0.06 (0.05, 0.06) 3.04
0.06 (0.05, 0.06) 3.04
0.06 (0.05, 0.06) 3.04
0.06 (0.06, 0.06) 3.05
0.07 (0.06, 0.07) 3.04
0.07 (0.07,0.08) 3.03
0.08(0.07, 0.09) 3.04
0.08 (0.08, 0.09) 3.03
0.09 (0.08, 0.10) 3.03
0.09(0.08, 0.10) 3.03
0.10(0.09, 0.10) 3.04
0.11(0.10, 0.12) 3.02
0.12(0.11,0.12) 3.03
0.12(0.11,0.13) 3.02
0.12(0.11,0.13) 3.03
0.12(0.11,0.13) 3.01
0.13(0.12, 0.13) 3.03
0.13(0.12, 0.14) 3.01
0.14(0.13, 0.14) 3.02
0.14(0.13, 0.15) 3.02
0.14(0.14, 0.15) 3.04
0.18(0.18, 0.19) 3.02
020 (0.19, 0.21) 3.02
025 (0.24, 0.26) 3.01
0.36 (034, 0.38) 2.95
0.10(0.08, 0.12) 100.00

T
0

T
4
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Overweight

%
Study ES(95%C)  Weight
Ethiopia . d 0.06 (0.06,0.06) 3.05
Burundi - ! 0.06(0.06,007) 3.04
Chad - 0.09(0.08,0.10) 3.04
Madagascar - 0.11(0.11,012) 304
Mozambique - 0.12(0.12,0.13) 304
DR Congo - 0.13(0.12,0.13) 3.04
Niger -~ 0.14(0.13,0.15) 3.03
Malawi - 0.15(0.14,0.16) 3.04
Benin - 0.15(0.15,0.16) 3.04
Burkina Faso . | 0.15(0.15,0.16) 3.04
Senegal - ! 0.16(0.15,0.17) 3.03
Zambia * 0.16(0.16,0.17) 3.04
Uganda - 0.17(0.16,0.18) 3.03
Congo - 0.17(0.16,0.18) 3.03
Guinea - 0.18(0.17,0.19) 3.02
Nigeria - 0.18(0.18,0.19) 3.04
Namibia - 0.18(0.17,0.20) 3.02
Tanzania - 0.19(0.18,0.20) 3.03
Mali e~ 0.19(0.18,0.20) 3.02
Togo .- 0.19(0.18,0.21) 3.02
Sierra Leone |- 020(0.19,0.21) 3.03
Rwanda |- 021(020,0.22) 3.03
Cote d'Ivoire L 0.21(0.20,0.22) 3.03
Zimbabwe H— 022(021,023) 3.03
Gambia [ 022(021,023) 302
Cameroon - 024(022,0.25) 3.03
Gabon - 024(022,025) 3.02
Kenya - 0.24(0.23,025) 3.04
Liberia - 024(0.23,026) 3.01
Comoros “—  025(0.23,026) 3.02
Ghana 4 025(0.24,026) 3.03
Losotho -~ 026(0.24,027) 3.03
South Africa —— 0.26(0.25,028) 3.00
Overall (1"2 = 99.57%, p = 0.00) 0.18(0.16,0.20) 100.00
T T = T
0 o 4
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Study

South Africa -
Losotho L J
Liberia

Zimbabwe
Cameroon
Sierra Leone
Togo
Comoros
Malawi
Ghana

Cote d'lvoire
Mozambique
Uganda
Guinea
Kenya
Tanzania
Mali

Zambia
Nigeria
Benin
Burkina Faso
Gambia
Namibia
Congo

DR Congo
Niger
Madagascar
Burundi
Chad
Senegal
Ethiopia
Overall (12 = 99.45%, p = 0.00)

-
Rwanda -
>
-

-
-
-
-
->
Gabon -
-
»>
-
-
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-~

Underweight

ES (95% Cl)

003 (0.03, 0.04)
0.04 (0.04, 0.05)
0.05 (0.05, 0.06)
0.06 (0.05, 0.07)
0.06 (0.08, 0.07)
0.06 (0.06, 0.07)
0.07 (0.06, 0.07)
0.07 (0.06, 0.08)
0.07 (0.06, 0.08)
0.07 (0.07, 0.08)
0.07 (0.07,0.08)
0.08 (0.07, 0.09)
0.08 (0.07,0.09)
0.09 (0.08, 0.09)
0.09 (0.08, 0.09)
0.09(0.09, 0.10)
0.09 (0.09, 0.10)
0.10 (0.09, 0.10)
0.10 (0.09, 0.11)
0.10 (.10, 0.11)
0.12 (0.11,0.13)
0.12(0.12,0.13)
0.12 (0.12, 0.13)
0.14(0.13,0.15)
0.14 (0.13, 0.15)
0.14(0.13,0.15)
0.14 (0.14, 0.15)
0.15 (0.14,0.17)
0.18 (0.18, 0.19)
0.19 (0.18, 0.20)
0.19(0.18, 0.20)
022 (0.21,0.23)
0.22(0.22,0.23)
0.11(0.09, 0.12)

%
Weight

3.04
3.04
3.03
3.04
3.04
3.04
3.04
3.03
3.03
3.04
3.04
3.03
3.03
3.04
3.03
3.02
3.04
3.03
3.02
3.04
3.04
3.03
3.04
3.02
3.01
3.01
3.03
3.01
3.03
3.02
3.03
3.00
3.03
100.00

T
0

T
3
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Fixed Effects

Intercept
Cropcommstatus (treatment)

Random effects

“The variance of intercept: (700 ) zone
Intra-class correlation (ICC)

wwp <001; #4p < 005 #p < 0.1, N = 2,714, Nyone =59,

Unadjusted
Odds ratio (95% ClI)
0.99(0.76-1.29)

0.75 (0.61-091) ***

081

020

Normalized weights

Odds ratio (95% Cl)
0.95(0.71-128)

079 (0.69-0.91) ***

117

026
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Variables

Sex of the child
Male

Female

Age of the mothers
<18years
18-24years
25-34years
> 35years
Marital status
Married
Divorced
Widowed
Ethnicity
Afar

Amhara
Tigre
Religion
Muslim
Orthodox.
Protestant
Education

No formal

education
Primary (1-8)
Secondary (9-12)
College and above
Occupation
Housewife

Herd livestock
Employed

Family size

<2

34

>5

Cases

(N=84)

Frequency
(percent)

43 (51.2%)

41 (48.8%)

9(10.7%)
18 (21.4%)
32(38.1%)
25(29.8%)

73 (86.9%)
6(7.1%)
5(6%)

64(76.2%)
8(9.5%)
12(14.3%)

70 (83.3%)
13(1535)

1(1.2%)

59 (70.2%)

17(20.2%)
4(4.8%)

4(48%)

42 (50%)
37 (44%)
5(6%)

10 (11.9%)
17(20.2%)
57(67.9%)

Number of under-five children

<2
3-4
>5

#+Fisher’s exact test.

28 (333%)
40 (47.7%)

16 (19%)

Controls
(N =168)

Frequency
(percent)

83 (49.4%)
85 (50.6%)

24 (14.3%)
36 (21.4%)
59(35.1%)

49 (29.2%)

145 (86.4%)
12(7.1%)

11(6.5%)

125 (74.4%)
19(11.3%)
24 (14.3%)

143 (85.1%)
25(14.9%)
0(0%)

102 (60.7%)

14.(26.3%)
14(8.3%)
8(47%)

85 (50.6%)
73(43.5%)

10(5.9%)

29 (17.3%)
50(29.8%)
89 (52.9%)

48 (28.6%)
50 (29.8%)
89 (53%)

Chi-squared (X?)

X2 P-value

0.071 0.789
01202 0749
0.69 0876
0.034 0983

203 0362+

7109 <0.001
7.569 0023
2236 <0.001
26.11 <0.001
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Cases (N =84) Controls (N =168)

Yes Yes

Rarely(1) = Sometimes(2)  Often(3) Rarely(1) ~ Sometimes(2)  Often(3)
HH member 4(4.8%) 36(42.8%) 40(47.6%) 4(4.8%) 27016%) 68(40.5%) 46(27.5%) 27(16%)

‘worries about

not having

enough food

HH membernot  9(10.7%) 34(40.5%) 31G69%) | 10(369%)  51(30.3%) 50(29.8%) 30017.9%) 37(22%)
able to eat

preferred foods

HH member eats | 13(15.5%) 35(41.6%) 2274%) | 13(155%) | 47(27.9%) 50(29.8%) 38Q27%) | 33(19.6%)
alimited variety

of foods

HH member eats | 19(22.6%) 26(31%) 31(36.9%) 8(9.5%) 62(36.9%) 38(226%) 2(191%) | 36(21.4%)
foods they do not

want to eat

HH membereats  14(16.7%) 18(21.4%) 40047.6%) | 12043%) 69(41%) 48(28.6%) 2037%) | 28(16.7%)
asmaller meal

than needed

HH member eats  14(16.7%) 30(35.7%) 29(345%) | 1(131%) | 55(327%) 43(25.6%) 41244%) | 290173%)
fewer meals ina

day

‘There was never 32(38%) 25(29.7%) 22(26.2%) 5(5.9%) 57(33.9%) 33(19.6%) 40023.8%) | 38(227%)
any food to eat of

anykind in the

HH

HH member 24(28.6%) 3136.9%) 23(27.4%) 6(7.1%) 68(40.5%) 38(226%) 34202%) | 28(16.7%)
goes tosleep at

night hungry

HH member 37(44%) 16(19%) 14(167%) | 17(203%) | 61(363%) 39(23.2%) 27(161%) | 41244%)
goes day and

night without

eating

HFIAS category

Food secure 4(4.8%) 27(16.1%)

Food insecure 80(95.2%) 141 (83.9%)

Mildly insecure 37(44%) 70 (41.7%)

Moderately 25(29.8%) 51(30.3%)

insecure

Severely insecure 18(21.4%) 20(11.9%)
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Items (child's Responses Cases (N = 84) Controls (N =168)

diet)

Frequency Percent Frequency Percent
Grains, roots, and Yes 54 643% 140 76.2%
tubers No 30 35.7% 2 238%
Legumes and nuts Yes 46 548% 135 65.5%
No 38 45.2% » 345%
Dairy products Yes 14 16.7% 58 405%
No 70 83.3% 10 59.5%
Flesh foods Yes 2 31% 64 38.1%
No 58 69% 104 619%
Eggs Yes 20 23.8% 70 583%
No 64 76.2% 98 417%
Vitamin A-rich fruits  Yes 23 27.4% 53 48.8%
and vegetables No 61 726% 106 51.2%
Other fruits and Yes 25 29.8% ) 256%
vegetables No 59 70.2% 145 744%
DDS <4 52 629 76 45.2%

24 32 38% 92 54.8%
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Variables Classification Totalunder-five ~ SAM cases Deaths AR/1,000 CFR (%)

population (N =442) (N=39) population
(N =1,553)
Sex Male 765 25 18 3201,000 7.3%
Female 788 197 21 250/1,000 10.6%
Age 6-11 months 318 105 1 330/1,000 105%
12-36 months 807 25 18 266/1,000 84%
37-59 months 428 122 10 285/1,000 8.2%

Total population 1,553 442 39 2846/1,000 8.82%
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Cases (N =442) Total under-five AR/1,000 population

Place (Kebeles)

Frequency Percent poptilation
Korile 59 13.3% 191 309/1,000
Debel 45 102% 150 300/1,000
Gumtameli 43 9.7% 259 166/1,000
Sekoyta 35 7.9% 21 166/1,000

Galimeda 260 58.9% 742 350/1,000
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AELELIES Food security status COR (95% P-value AOR (95% P-value

" Cl) Cl)
Food insecure  Food secure
N (%) N (%)
Sex of household Male 138 (36.2) 243(637) 1 1 1
0.009%
head Female 114 (52.8) 102 (47.2) 1.97 (140, 2.76) <0.001 173 (1.14,261)
024 117 (406) 171(59.4) 1 0.16 1 07
Family size 057 112 (467) 128(53.3) 1.28(0.91,1.81) 0.27 1.09(0.71,1.67) 0.14
28 23(33.3) 46 (66.7) 0.73(042,127) 0,62(0.33,1.17)
Low 71(329) 145 (67.1) 1 0.049 1 0.013¢
Dependencyratio  Medium 92(42.0) 127 (58.0) 1.48 (1,00, 2.19) <0.001 1.71(1.12,262) <0.001%
89(549) 73 (45.1) 249 (1.64,3.79) 253(1.53,4.20)
No formal
106 (48.0) 115 (52.0) 201 (1.31,3.08) 0.001 211(107,4.18) 0.031%
education
Maternal educational | Primary education 96 (44.2) 121(55.8) 1.73(1.13,2:66) 0012 200 (1,10, 3.60) 0.022%
status Secondary
education or 50 (31.4) 109 (68.6) 1 1
higher
No formal
108 (48.6) 114(51.4) 220(1.43,3.38) <0.001 1.5 (0.79,3.04) 02
education
Educational level of  Primary education 97(44.3) 122(55.7) 1.84(1.20,285) 0.006 1.25(0.71,2.20) 044
household head Secondary
education or 47 (30.1) 109.(69.9) 1 1
higher
Poor 91(45.3) 110 (54.7) 1.72(1.14,2.59) 001 1.06(0.62,1.81) 084
Houschold wealth
o Middle 99(48.5) 106 (51.5) 1.94(1.29.2.92) 0.001 1,57 (0.99,2.50) 0.06
index
Rich 62(325) 129(67.5) 1 1
No 228 (44.1) 289(55.9) 184 (1.11,3.06) 2,00 (1.16, 3.46)
PSNP status 0019 0.013%
Yes 24(30.0) 56 (70.0) 1 1
Agricultural No 220 (43.7) 283 (56.3) 1.51(0.95,2.39) 1.23(0.70,2.16)
0,082 047
extension service use  Yes 32(34.0) 62(66.0) 1 1
No 125 (473) 139 (52.7) 1.46 (1,05, 2.02) 1.80(1.19,273)
Land ownership 0024 0.006*
Yes 127(38.1) 206 (61.7) 1 1
Agriculturalinput | No 199 (45.5) 238 (54.5) 169 (1.16,2.47)
0.007 143 (0.89,230) 014
use Yes 53(33.1) 107 (66.9) 1

“Significant at p-value<0.05.
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Decompose Coef. Std. Err.  P-value Percent Coef. Std. Err.  P-value Percent
Endowment -006 000 0.00 217.60 -001 000 000 ~1592
Coefficient 004 001 0.00 -176 0.04 000 000 11592
Row difference -003 000 0.00 0.03 000 000

Endowment difference in characteristics (E)

Decompose Coef. Std. Err.  P-value Percent Coef. Std. Err.  P-value Percent

Maternal age

15-19 years Reference
20-24 years ~003 002 000 12082 0001 000 031 —231
25-29 years ~007 002 000 24306 0001 000 066 ~110
30-34 years —001 000 002 39.60 0001 000 050 —097
35-39 years 001 002 001 1567 0001 000 032 22
40-44 years 001 001 004 —44.68 0001 000 o1 -135
45-49 years 0.001 0.00 . 0.00 0.001 0.00 0.042 =150

Occupational status
Unemployed Reference
Employed 0.001 0.00 072 =032 0.001 0.00 0.016 =027

Household member

<5 Reference

5-7 members 0.001 000 065 069 0001 0.00 045 015

>7 003 001 003 ~93.61 0001 0.00 046 003
Number of children

<4 Reference

>4 0.001 001 094 -250 0.001 0.00 0012 ~440

Edu. status of father

No education Reference

Primary 0.001 0.00 0.09 294 ~001 0.00 0.00 -188

Secondary 0.001 000 083 -151 0001 0.00 0.00 197

igher 0.001 0.00 018 ~1273 0001 0.00 0.00 104

Partner occupation

Unemployed Reference

Employed 0.001 0.00 0.037 110 0.001 0.00 002 ~0.18
Residence

Urban Reference

Rural ~0.01 0.00 013 2005 0.001 0.00 0014 129

Edu. status of mother (no)

No education Reference

Primary ~0.04 001 0 1498 0.001 0.00 0021 —4.16
Secondary ~001 000 0 28 0001 000 0012 085
Higher =0.01 0.00 0 195 0.001 0.00 03 0.02

Sex of household head

Male Reference
Female 0.005 0.003 0123 -17.3 0.0001 0.000 0.003 1140
Age of household head 0,030 0014 0037 -107.9 0.0001 0.000 0043 0.490
Wealth index
Poorest Reference
Poorer 0.001 0.00 090 027 0.001 0.00 004 -029
Middle 0.001 0.00 0.68 -165 0.001 0.00 026 014
Richer 0.001 0.00 079 421 0.001 0.00 014 ~059
Richest 001 001 005 ~36.66 0.001 0.00 0.006 118
Sex of the child
Male Reference
Female 0.001 0.00 028 347 0001 0.00 013 -009
Types of birth
Single Reference
Multiple 0001 0.00 010 -029

Precede birth interval

<2 Reference

>2 year -0.01 001 0.04 14957 0001 0.00 0.09 -105
Decompose Due to coefficient (C) Due to coefficient (C)

Maternal age

15-19 years Reference

20-24 years 001 000 0.001 ~35.00 001 000 0,032 2061
25-29 years 002 001 0 8838 001 001 0.072 3388
30-34 years 002 001 0,009 ~7978 001 001 020 2615
35-39 years 003 001 0,003 9667 001 001 027 2133
40-44 years 002 000 0.001 ~6027 0001 000 0.40 834
45-49 years 0001 000 0,008 ~1063 0001 000 091 023

Occupational status
Unemployed Reference
Employed 0001 000 020 ~1623 0001 0.00 041 -5.17

Household member

<5 Reference

5-7 members —0.01 001 039 2170 0.001 0.00 047 ~7.05
>7 001 0.00 021 -19.95 ~0.01 0.00 0.02 ~25.04
Number of children

<4 Reference

>4 001 0.003 0.005 27.890

Edu. status of father

No education Reference

Primary -001 001 025 3032 ~001 0.00 0 ~18.47
Secondary 0.001 0.00 081 198 ~001 0.00 0 -2152
Higher 0.001 0.00 073 138 0.001 0.00 0 ~5.44

Partner occupation

Unemployed Reference
Employed ~001 000 0.044 2566 0.001 000 039 -679
Residence

Urban Reference

Rural 001 001 029 3674 001 000 027 15.06

Edu. status of mother (no)

No education Reference

Primary -0.03 001 0 1203 0.001 0.00 028 ~5.63
Secondary ~0.01 0.00 0.006 2195 0.001 0.00 0026 -6.25
Higher 0.001 0.00 0.001 856 0.001 0.00 022 064

Sex of household head

Male Reference
Female 0.0001 0.001 0964 -0220 0.0001 0.001 0588 1270
Age of household head 0,053 0.02 0012 -195 0013 0.009 0.145 38.76

Wealth index

Poorest Reference
Poorer 0.001 0.002 0.661 =36 0.001 0.001 0.466 2710
Middle 0.004 0.002 0.058 -147 0.001 0.001 0.652 1.590
Richer 0.009 0.003 0* =330 0.007 0.001 0 19.410
Richest 0.007 0.002 0.005 -244 0.004 0.001 0.001 11.550
Sex of the child

Male Reference

Female 0001 000 020 1574 0001 000 044 415

Types of birth

Single Reference
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Precede birth interval
<2 Reference
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The numbers in the table are rounded to the nearest three decimal points, which means that the zero point does not exactly indicate zero value.
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Residence
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Educational status of mother

No education Reference
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Sex of household head
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Poorest Reference
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Sex of the child

Male Reference
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Types of birth

Single Reference
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Precede birth interval
<2 Reference
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Due to coefficient (C) Due to coefficient (C)
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30-34 years 001 001 038 ~6389 0.001 001 071 4386
35-39 years 001 001 040 -5122 0.001 001 070 —440
40-44 years 0.001 001 046 -2220 0.001 0.00 083 -113
45-49 years 0.001 000 092 0.60 0.001 0.00 0.04 -351
Occupational status

Unemployed Reference
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Household member
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Educational status of father
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Partner occupation
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Residence

Urban Reference

Rural 001 000 014 ~2727 0.001 0.00 071 277

Educational status of mother

No education Reference
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Sex of household head
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Age of household head 001 0.02 062 —47.72 ~0.02 001 0.14 -27.16
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Poorest Reference
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Sex of the child
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Number of children

< Refer.

>4 0.001 0 305 ~0.001 0 -398
Educational status of father

No education Refer.

Primary ~0.001 0 -42 ~0.003 0.001 -109
Secondary 0.001 0 343 ~0.003 0 -134
Higher 0.001 0.001 224 ~0.001 0.23

Partner's occupation

Unemployed Refer.

Employed ~0.001 0 -2 00039 0.048 -152
Residence

Urban Refer

Rural 0002 0.005 522 0.008 0.004 318

Educational status of mother

No education Refer.

ary ~0.007 0 -27 ~0.007 0 -287
Secondary ~0.003 0 -93 ~0.005 0 -187
Higher ~0.001 0 [} ~0.001 0 -27

Sex of household head

Male Reference
Female 0.001 0 385 0.002 0.003 65
Age of household head 0.001 0015 11 0.004 0586 1456

Wealth index

Poorest Reference i o 0 . 0
Poorer —0.001 0.001 =07 —=0.0001 0921 038
Middle 0.001 0.002 24 0.002 0.067 6.7
Richer 0.001 0.18 217 0.006 0 22
Richest 0.002 0 7.67 0.003 0 13.1
Sex of the child

Male Reference

Female 0.001 06 0.1 —0.002 0.16 ~7.66
Types of birth

Single Reference

Multiple 00004 022 L4l 0001 0.086 142

Preceding birth interval

<2 Reference

>2year 0.001 06 131 0.002 0.001 103
SSA region

Central Africa Reference

West Afiica 0002 0.005 -66 0.007 0.005 22
East Africa ~0.001 04 0.6 0.001 0307 444

South Africa ~0.001 0.08 -472 0.001 0.706 259
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MDD

Variables Category Adequate Inadequate Non-poor
Maternal age 15-19 years 906 (7.66) 10913(92.34) 10,285(87.03) 1,53301297)
20-24 years 4798(10.35) 41,565(89.65) 39,624(85.46) 6739(14.54)
25-29 years 8.712(10.64) 73,149(89.36) 64,946(79.34) 16915(20.66)
30-34 years 9,589(11.03) 77,380(88.97) 66077(75.98) 20,892(24.02)
35-39 years 8598(10.93) 70,050(89.07) 59,864(76.12) 18,785(23.88)
40-44 years 4917(13.18) 32,387(86.82) 28,784(77.16) 8,519(22:84)
45-49 years 1,054(11.1) 8,445(88.9) 7,286(76.7) 2214(233)
Sub-Saharan African Central Africa (CA) 2944(11.76) 22,088(88.24) 20,343(81.27) 4,689 (18.73)
region (SSA) West Africa (WA) 15,165(9.92) 137,662(90.08) 127,897(83.69) 24930 (16.3)
East Africa (EA) 8,112(11.16) 64,556(88.84) 48,248(66.4) 2441933.6)
South Africa (SA) 12,354(12.12) 89,583(87.88) 80,378(78.85) 21,558(21.15)
Residence Urban 15,084(14.05) 92,314(85.95) 88,363(2.28) 19,03517.72)
Rural 23,490(9.59) 221,575(90.41) 188,503(76.92) 56,562(23.08)
Highest educational level | No education 14.745(8.5) 158,733(91.5) 141,176(81.38) 32.303(18.62)
Primary education 12,109 (114) 94,065(88.6) 78.715(74.14) 27,459(25.86)
Secondary education 9,673(15.27) 53,685(84.73) 49,825(78.64) 13,533(21.36)
Higher education 2048(21.66) 7,405(78.34) 7,150(75.64) 2,303(24.36)
Sex of household head  Male 32,705 (11.13) 261,223(88.87) 231,774(78.85) 62154(21.15)
Female 5870(10.03) 52,665(89.97%) 45,092(77.03) 13,444(2297)
Wealth index Poorest 6,678 (7.1) 87,420(929) 68,857(73.18) 25.241(26.82)
Poorer 7457 (924) 73,207(90.76) 63.262(78.43) 17,402(21.57)
Middle 7,359 (1034) 63,813(89.66) 57,349(80.58) 13,823(19.42)
Richer 8,300(13.78) 51,936(36.22) 49,.854(82.76) 10,382(17.24)
Richest 8781(18.97) 37,514(81.03) 37,545(81.1) 8750(18.9)
Husband/partner’s No education 13,111(8.61) 139,223(91.39) 125.400(82.32) 26,934(17.68)
e Primary education 9,369(11.79) 70,086(88.21) 63,763(80.25) 15,692(19.75)
Secondary education 9,027(14.94) 51,415(85.06) 50,055(2.81) 10,388(17.19)
High education 3,366 (18.84) 14,497 (81.16) 15,044 (84.22) 2,819 (15.78)
Husbands/partner’ Unemployed 13,556 (11.32) 106,250 (35.68) 99,179 (82.78) 20628 (17.2)
occupation Employed 21,518(11.21) 170,507(88.79) 156,530(81.52) 35,495(18.48)
Respondents occupation | Unemployed 15,997 (1061) 134,848 (89.39) 124,266(82.38) 26,579(17.62)
Employed 20647 (11.83) 153,878 (88.17) 142,129(81.44) 32,396(18.56)
Types of birth Single 37,543(10.97) 304,716(89.03) 269,879(78.85) 72380(21.15)
Multiple 1,031010.11) 9,173(89.89) 6,987(68.47) 3217(31.53)
Sex of child Male 19,709(11.0) 159,438(89) 139,980(78.14) 39.167(21.86)
Female 18,866(10.89) 154,451(89.11) 136,886(78.98) 36,430(21.02)
Preceding birth interval  Less than 2 year 6:487(10.38) 56,000(89.62) 45,689(73.12) 16,798(26.88)
2 year 936(10.65) 7.852(89.35) 6,726(76.53) 2062(23.47)
Greater than 2 yr 19.317(108) 159,537(89.2) 147,264(82.34) 31,590(17.66)
Antenatal check No 84(10.93) 686(89.07) 705(91.52) 65(8.48)
Yes 10,973(12.08) 79,894(87.92) 84,636(93.14) 6.231(6.86)
Place of delivery Home 3,678(8.03) 42,125(91.97) 37,398(81.65) 8.405(18.35)
Health facility 13,756(12.39) 97,239(87.61) 102.298(92.16) 8,697(7.84)
Current marital status | Non-union 2990(10.46) 25,601(89.54) 22,550(78.87) 6,042(21.13)

Union 35,585(10.99) 288,287(89.01) 254,317(78.52) 69,555(21.48)
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Variables

Household head sex

Household head age (in years)

Household head educational status

Maternal age (in years)

Marital status

Religion

Ethnicity

Maternal education

Maternal occupation

Fathers education

Fathers' occupation

Family size

Dependency ratio

Household wealth index

Residence

Male

Female

20-24

25-29

30-34

35-39

40-44

45-49

50-54

255

No formal education
Primary education
Secondary education
College/University
20-24

25-29

30-34

35-39

240

Single

Married

Widowed
Divorced
Orthodox
Protestant

Muslim

Cultural

Catholic

Tsemay
No formal education
Primary education
Secondary education
or higher

Daily laborer
Employee

Farmer

Housewife

Merchant

Pastoralist

No formal education
Primary education
Secondary education
College/university
Daily laborer
Employee

Farmer

Pastoralist

Merchant

Others

02-Apr

05-Jul

Frequency (N)
381
216
30
186
162
78
78

39

22
219
75
81
87
249
138
75

48

561

2
176
352
33
33

253
79
49

12
92
221

27
159

45
45
174
291
33

185
220
99
93
33
%0
276
54

138

288

6
216
219
162
201
205
191
390

207

Percent (%)
638
362
50
312
271
131
131
65

3

1
372
367
126
136
146
a7
21

126

940
08
42

25

590

188
154
37

363
266

75
75
2.1

487

31
369
166
156
55
151

462

2.1

482

403

362
367
27.1
337
343
32
6.3

347
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Variables Frequency (N) Percent (%

Yes 6 106
Any family member migrated for work

No 534 894

Yes 333 558
Land ownership

No 264 442

<15 hectare 28 655
Farmland Size (n=333)

215 hectare 115 345

Yes 160 268
Use of agricultural input

No 437 72

Yes 94 157v
Use of agricultural extension service

No 503 843

Yes 57 95
Need food aid during the last year

No 540 905

Yes 45 75
Use of productive safety-net service

No 552 925
Household members change his/her food consumption over the past 12 months compared to the Yes 9 15
previous year No 588 9.5

Yes 9 15
Household experienced any shortage of food over the past 12months

No 588 985

Food secure 345 578

Household food security status
Food insecure 252 422
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Occurrence questions (N =597) Yes No

Frequency (%) Frequency (%)

1 ‘Worry about not having enough food to eat 227 (38.0) 370 (62.0)
1a Rarely (1-2 times) 191 (84.1)

Sometimes (3-10 times) 34(15.0)

Often (more than 10 times) 2(09)
2 Unable to eat preferred foods 208 (34.8) 389 (65.2)
2 Rarely (1-2 times) 174 (83.7)

Sometimes (3-10 times) 34(163)

Often (more than 10 times) 0(0.0)
3 Eating just a few kinds of foods 137 (22.9) 460 (77.1)
3a Rarely (1-2 times) 107 (78.1)

Sometimes (3-10 times) 30(21.9)

Often (more than 10 times) 0(00)
4 Eating some foods they really do not want to eat 79(13.2) 518 (86.8)
™ Rarely (1-2 times) 60(75.9)

Sometimes (3-10 times) 19.24.1)

Often (more than 10 times) 0
5 Eating a smaller size of meals 90 (15.1) 507 (84.9)
5 Rarely (1-2 times) 87(967)

Sometimes (3-10 times) 3(33)

Often (more than 10 times) 0(0.0)
6 Eating fewer meals in a day 113 (18.9) 484 (81.1)
6a Rarely (1-2 times) 111(98.2)

Sometimes (3-10 times) 20.8)

Often (more than 10 times) 0(00)
7 No food to eat of any kind in the household 3162 566 (94.8)
7 Rarely (1-2 times) 22(71.0)

Sometimes (3-10 times) 9(290)

Often (more than 10 times) 0(00)
8 Go to bed hungry 3162 566 (94.8)
8a Rarely (1-2 times) 28(903)

Sometimes (3-10 times) 3097)

Often (more than 10 times) 0(0.0)
9 Go a whole day and night without eating anything 14(23) 583 (97.7)
9 Rarely (1-2 times) 11(786)

Sometimes (3-10 times) 3214

Often (more than 10 times) 0(0.0)
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Country code Survey data set Country name Sample size Prevalence of

inadequate MDD (%)

BG Demographic and Health Survey 2018 Brundi 33,576 87
BE Demographic and Health Survey 2021 Burkina Faso 15,147 99
cL Demographic and Health Survey 2021 Cot divar 11,371 97
ET Demographic and Health Survey 2019 Ethiopia 14173 9
GA Demographic and Health Survey 2021 Gabon 13,661 88
M Demographic and Health Survey 2020 Gambia 10340 %
GN Demographic and Health Survey 2018 Guinea 9,380 94
KE Demographic and Health Survey 2022 Kenya 9,380 9
LB Demographic and Health Survey 2020 Liberia 11,107 95
MD Demographic and Health Survey 2021 Madagascar 29,068 91
ML Demographic and Health Survey 2018 Mali 31716 9
MR Demographic and Health Survey 2021 Mauritius 16,143 95
NG Demographic and Health Survey 2018 Nigeria 44,636 93
RW Demographic and Health Survey 2020 Rwanda 28,897 8
SN Demographic and Health Survey 2019 Senegal 14616 89
SL Demographic and Health Survey 2019 Sierra Leone 11,621 9
TZ Demographic and Health Survey 2022 Tanzania 20217 9

™M Demographic Health Survey 2018 Zambia 25,010 91
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Variable name

Categories

% or Average or
Range

Height/age standard

deviation (target)

Mothers age

Age of the head of the
houschold

Child weight (kg)

Mothers highest level of

education

Residence type

Type of water drinking

source

Type of tolet facility

Does the household have
electricity

Gender of the head of the
household

Wealth index

‘Type of mosquito bed
ne(s) slept under last

night

Visited health facilty last
12 months

Gave child tinned,

powdered or fresh milk

Gave child baby formula

Gave child fortified baby
food (cerelac, etc.)

Gave child potatoes,

cassava, or other tubers

Gave child eggs

Gave child meat (beef,
pork, lamb, chicken, etc)

Whether the child is

Anemic or not

Have mosquito bed net
for sleeping

Current age of child

(months)

Gender of the child

Had fever in last 2 weeks

Had cough in last 2

weeks

Continuous

Continuous

Continuous

Continuous

No education
Primary
Secondary
Higher

Rural

Urban
Bottle/sachet
Natural sources
Tanker

Piped

Well

Other

Flush

Pit

Other

No

Yes

Female

Male

Poorest
Poorer
Middle
Richer
Richest

No et

Only treated nets

Both treated and

untreated
Only untreated nets
No
Yes
No

Yes

Anemic

Not Anemic

Yes
010 12 months
12t0 24 months
241036 months
36 to 48 months
4810 60 months
Female

Male

Avg = ~106.21(min: ~598,
max: 598)

Avg = 29.62 (min: 15, maxs
19)

Avg = 4292 (min: 14, max:
98)

Avg = 894.87 (min: 221,
max: 9996)

41.27%
2.71%
30.65%
5.37%
59.90%
40.10%
0.44%
13.18%
3.20%
30.76%
47.29%
5.14%
2431%
46.04%
29.65%
05215
04785
0.191
0.809
27.85%
22.69%
20.59%
1641%
1246%
51.98%
44.92%

0.01%

3.08%
39.13%
60.87%
81.73%
1827%
90.93%
9.07%

92.65%
7.35%

82.02%
17.98%
90.36%
9.64%

87.40%
1260%
80.58%
19.42%
32.17%
67.83%
21.30%
19.77%
19.17%
19.70%
20.05%
49.02%
50.98%
77.58%
22.42%
82.64%

1736%
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SaTScan Analysis of Childhood Stunting in Mozambique
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Ordinary Kriging interpolation of Childhood Stunting in Mozambique
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Effect size Weight
Region with 95% CI (%)
Niassa 35.52[30.56, 40.48]  7.80
Cabo Delgado ——=——14379[37.87, 49.71] 548
Nnampula —Jl— |46.00[ 43.02, 48.98] 21.68
Zambezia 38.27[34.39, 42.15] 12.72
Tete 34.85[30.28, 39.42] 9.21
Manica —m—  |4088[3542, 46.34] 643
Sofala 30582521, 35.95] 6.66
Inhambane 14.91[ 893, 2089] 537
Gaza 16.90[10.86, 22.94] 5.26
Maputo 847 4.59, 11.75] 14.97
Cidade de maputo — 1052[ 3.93, 17.11] 4.42

Pooled Prevalence

31.26 [ 29.88, 32.65]

0.00
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Spatial Autocorrelation Report

Moran's Index: 0.517787 Significance Level Critical Value
z-score: 15.119469 mm {gvstan) (= souim)
0.01 <-2.58

-2.58 --1.96
1.96 - -1.65
-1.65 - 1.65

1.65-1.96

1.96 - 2.58

>2.58

p-value: 0.000000

Given the z-score of 15.1194692949, there is a less than 1% likelihood that this clustered
pattern could be the result of random chance.
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Cluster and Outlier Analysis of Childhood Stunting in Mozambique
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Variables

Age

Gender

Birth weight

Mothers BMI

Mother’s education

Mothers age

Mothers marital status

Fathers education

Birth interval

Family size

Antenatal care visits

Mother’s anemia

Wealth index

Media exposure

Child is twin

Residence

Region

Birth to 23 months
241059 months
Male

Female

Low

Normal

High
Unknown
Low

Normal

High

No education
Primary
Secondary
Higher

15-19 years
20-34 years
3549 years
Not in union
In union

No education
Primary
Secondary
Higher

Less than two years
Two years and above
Less than five
Five and above
Had visits
Had no visits
Anemic
Noanemic
Poor

Middle

Rich

Yes

No

Single
Multiple
Urban

Rural

Niassa

Cabo Delgado
Nampula
Zambezia
Tete

Manica

Sofala
Inhambane
Gaza

Maputo
Maputo City

Childhood stunting

Yes
481 (28.51)
922 (41.45)
777 (41.08)
626 (31.00)

74 (40.95)
389 (29.90)
14(1937)
925 (39.31)
79 (35.61)
1,101 (38.05)
219 (35.88)
509 (42.74)
1,204 (36.97)
706 (24.05)
182(9.82)
149 (38.59)
962 (35.84)
292(3472)
225 (33.99)
1,177 (36.26)
651 (31.68)
35
208 (26.21)
8(10.23)
179 (50.44)
1,224 (34.42)
356 (36.82)
1,046 (35.56)
594 (31.22)
809 (40.27)
915 (41.07)
487 (28.98)
826 (44.20)
318(5943)
258 (20.56)
487 (28.98)
915 (41.07)
1,336 (35.19)
67(58.62)
291(25.71)
1,112 (40.00)
127 35.52)
118 (43.79)
496 (46.00)
230 (38.27)
146 (34.85)
127 (40.88)
86(30.58)
20 (14.91)
25(16.90)
18(8.17)
9(1052)

No
1,205 (71.49)
1,302 (58.55)
1,114 (58.92)
1,393 (69.00)

107 (59.05)
911(70.10)
60 (80.63)
1,428 (60.69)
143 (64.39)
1792 (61.95)
565 (64.12)
682 (57.26)
706 (63.03)
1,204 (75.95)
574 (90.18)
237(6141)
1721 (64.16)
549 (65.28)
437 (66.01)
2,070 (63.74)
1,404 (68.32)

752

586 (73.79)

66 (89.77)
176 (49.56)
2331 (65.58)
611 (63.18)
1,896 (64.44)
1,308 (68.78)
1,199 (59.73)
1,313 (58.93)
1,194 (71.02)
1,042 (55.80)
466 (40.57)
998 (79.44)
1,194 (71.02)
1,313 (58.93)
2,460 (64.81)
47 (41.38)
840 (74.29)
1,667 (60.00)
230 (6448)
152(56.21)
582 (54.00)
371(61.73)
272(65.15)
184 (59.12)
196 (69.42)
116 (85.09)
123 (83.10)
206 (91.83)
75 (89.48)
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Cluster

Latitude

Longitude

Cases

Primary
Secondary 1

Secondary 2

84

68

15

155740635
14916839

15575194§

40.417567E.
39.994143E

37611819 E

Radius Population
(km)
26591 1,168
16658 974
86.78 162

548

456

88

151

146

155

4450

3389

1211

<0.001

<0.001

0.003
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\ELELIES Coefficients Robust t statistics Robust probability VIF

Intercept 0.1450 6.169 <0.001%
Male gender 0.002 0177 0.860 466
Multiple birth 0027 1186 0236 120
Mother not educated 0.014 1.467 0143 411
Distance to health facility is big problem ~0.009 ~1.407 0.160 402
Mother employed ~0.023 ~2.862 0.004% 135
Poor household wealth index 0.024 3588 0.0004% 722
Middle household wealth index 0.027 3.009 0.003* 154
Low extreme Mother's age 0037 2465 0014% 142
Upper extreme Mother’s age ~0.019 -1731 0.084 204
Low Mother's BMI ~0.006 ~0321 0748 179
Mother had no ANC visits ~0.003 ~0321 0752 639
Mather anemic 0.004 0.487 0.626 389
Age under two years ~0.026 ~2277 0.023% 543
Low birth weight ~0027 ~1.286 0.199 119
Five and above family size 0.004 0805 0421 343
Mother’s marital status (not in union) 0013 1238 0216 128
Father not educated ~0001 ~0.153 0878 245
Less than two years birth interval 00150 1001 0318 158
OLS diagnosis

Diagnostic Criteria Magnitude pvalue

AlCe 51232

R-Squared 03604

Adjusted R-Squared 03342

Joint F-Statistic 6133 0.001%

Joint Wald Statistic 103564 0.001%

Koenker (BP) Statistic 68.428 001

Jarque-Bera Statistic 187.167 0.061

AIC, akaike information criterion corrected; OLS, ordinary list square; VIE, variance inflation factor.
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Country Minimum meal frequency Weighted frequency

Yes (% No (%)
East Africa Burundi 1,505 (37.2) 2,543 (62.8) 4,048
Ethiopia 809(54.2) 683 (45.8) 1492
Kenya 1,698 (35.1) 3,134 (64.9) 4832
Comoros 264(297) 624(70.3) 888
Madagascar 2,237 (64.0) 1,260 (36.0) 3497
Malawi 1,349 (28.7) 3361 (71.3) 4710
Mozambique 1,402 (41.0) 2,020 (59.0) 3422
Rwanda 1,019 (43.9) 1,301 (56.1) 2320
Tanzania 964 (31.6) 2,085 (68.4) 3,049
Uganda 1,619 (40.3) 2401 (59.7) 4020
Zambia 1,081 (40.6) 1,585 (59.4) 2666
Zimbabwe 564 (34.4) 1,075 (65.6) 1,639
Central Africa Angola 1,173 (314) 2,560 (68.6) 3733
Congo democratic republic 1,672 (34.6) 3,164 (65.4) 4836
Congo 543 (23.6) 1762 (76.4) 2305
Cameroon 1,108 (42.5) 1497 (57.5) 2,605
Gabon 867 (503) 856 (49.7) 1723
Chad 1678 (37.3) 2816 (62.7) 4493
West Affica Burkina Faso 1,179 (31.4) 2,069 (68.6) 3248
Benin 1,668 (43.3) 2,182(56.7) 3850
Cote d'lvoire 684(26.2) 1932 (73.8) 2616
Ghana 694 (43.1) 915 (56.9) 1,609
Gambia 1,013 (49.9) 1,017 (50.1) 2030
Guinea 452(239) 1435 (70.1) 1,887
Liberia 292(21.4) 1,072 (78.6) 1364
Mali 838(28.8) 2,069 (71.2) 2907
Mauritania 773 (25.0) 2315(75.0) 3,088
Nigeria 3,668 (40.5) 5392(59.5) 9,060
Niger 1,745 (51.0) 1,673 (49.0) 3418
Sierra Leone 810(30.9) 1812 (69.1) 2622
Senegal 552(33.8) 1,081 (6.2) 1634
Togo 907 (45.8) 1,074 (54.2) 1,981
Southern Africa Lesotho 521(59.8) 351 (40.2) 872
Namibia 494 (408) 717 (59.2) 1212

South Africa 437 (51.5) 411 (485) 848
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Variable Minimum meal frequency Weighted frequency (%)

Yes (%) No (%)

Age of the mother 15-19 3,493 (36.8) 5998 (632) 9,491 (9.4)
2035 28,756 (38.1) 16,663 (61.9) 75,419 (75.0)
36-49 6,030 (386) 9,585 (61.4) 15615 (15.5)
Educational level of the mother No education 12612 (35.0) 23,409 (65.0) 36021 (35.8)
Primary 12,286 (37.0) 20948 (63.0) 33,234 (33.1)
Secondary and above 13,381 (42.8) 17,890 (57.2) 312713L1)
Working status of the mother Not working 14132 (36.1) 25,057 (63.9) 39,189 (39.6)
Working 23,317 (39.0) 36,453 (61.0) 59,770 (60.4)
Marital status Single 11,259 (36.0) 20,051 (64.0) 31310 (31.2)
Married 27,021 (39.0) 42,195 (61.0) 69,216 (68.8)
Family size 1-6 22255 (38.1) 36097 (61.9) 58,352 (58.1)
7-10 11,217 (379) 18,371 (62.1) 20,588 (29.4)
Above 10 4807 (382) 7779 618) 12,586 (125)
Wealth index Poor 15,332 (35.5) 29,042 (65.5) 14,374 (44.2)
Middle 7,632(37.8) 12,574 (622) 20,226 (20.1)
Rich 15,295 (42.6) 20,631 (57.4) 35,926 (35.7)
Media exposure No 14251 (34.9) 26,625 (65.1) 40876 (40.7)
Yes 24,028 (403) 35,618(59.7) 59,646 (59.3)
Sex of household head Male 30830(38.5) 49,210 (61.5) 80,040 (79.6)
Female 7,449 (36.4) 13,036 (63.6) 20485 (20.4)
Age of the child in months 611 13,671 (389) 21,472(61.1) 35,143 (35.0)
12-17 13,434 (379) 22,008 (62.1) 35,442 (35.2)
18-23 11,174 (37.3) 18,767 (627) 29941 (29.8)
Antenatal care visit No 3971(353) 7,269 (647) 11,240 (113)
1-3 times 11,614 (37.3) 19,533 (627) 31,147 (31.3)
40r more times 22,644 (39.6) 34,578 (60.4) 57,222 (57.4)

Delivery by cesarean section No 35,508 (37.7) 58,585 (623) 94,093 (93.8)
Yes 2692 (432) 3,544 (56.8) 6236 (6.2)
Sex of the child Male 19,338 (38.0) 31,599 (62.0) 50937 (50.7)
Female 18,941 (38.2) 30,648 (61.8) 19,589 (49.3)
Plurality Single birth 37,636 (38.1) 61,191 (61.9) 98,827 (98.3)
Multiple birth 644(37.9) 1,055 (62.1) 1,699 (1.7)

Birth order <3 22569 (38.7) 35,714(61.3) 58,283 (58.0)
Above 3 15710 (37.2) 26,533 (62.8) 12,243 (42.0)

Preceding birth interval in months No 8741 (39.0) 13,668 (61.0) 22,409 (22.3)
< 4623(36.5) 8035 (635) 12,638 (12.6)

24and above 24915 (38.1) 140,544 (61.9) 65,459 (65.1)
Birth weight Large 12,687 (38.7) 20,139 (61.3) 32,826 (33.9)
Average 18,553 (39.8) 28,042 (602) 46,595 (48.2)

Small 5743 (36.7) 9,895 (63.3) 15,638 (16.2)

Unknown 1477(29.5) 1,138 (705) 1615 (1.7)

Postnatal check-up within 2months No 22,536 (36.1) 39,863 (63.9) 62399 (65.0)
Yes 14235 (423) 19.410(57.7) 33,645 (35.0)

Currently breastfeeding No 7218 (346) 13,641 (65.4) 20,859 (20.8)
Yes 31,058 (39.0) 48,598 (61.0) 79,656 (79.2)

Residence Urban 13,391 (40.1) 19,970 (59.9) 33,361 (33.2)
Rural 24,888 (37.1) 42277 (629) 67,165 (6.8)

Region in SSA Central Africa 7,041 (357) 12,635 (643) 19,696 (19.6)
East Africa 14512 (39.7) 22,071 (603) 36,583 (36.4)

Southern Africa 1,452 (49.5) 1,479 (505) 2931 (29)
West Africa 15,274 (37.0) 26,041 (63.0) 41315 (41.1)
Country income level Lower 23,157 (39.1) 36,039 (60.9) 59,196 (58.9)
Lower-middle 13,325 (35.5) 24,224 (645) 37,549 (37.3)

Upper-Middle 1,798 (47.5) 1,984 (525) 3782(338)
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Variable Null model Model 2 Model 3 Model 4

aPR (95% Cl) aPR (95% Cl) aPR (95% CI)

Age of the mother

15-19 1 1
20-35 101 (098, 1.04) 0.99 (097, 1.03)
36-49 1.03 (097, 1.07) 1.01(0.97,1.05)

Educational level of the mother

No education 1 1
Primary 1,05 (102, 1.07) 1.02(0.99,1.04)
Secondary and above 117 (114, 1.20) 115 (112, 118)#*

Working status of the mother

Not working 1 1

Working 109 (107, 1.11) 110 (108, 1.12)##*
Marital status

Single 1 1
Married 1.07(1.04, 1.09) 1.07 (1.04, 1.09)**
Wealth index

Poor 1 1

Middle 106 (1,03, 1.08) 1.07(1.04,1.09)*
Rich 116 (113, 1.19) 118 (115, 1.21)*%%

Media exposure
No 1 1

Yes 1.05 (1.03, 1.08) 1.06 (1.04, 1.08)***
Sex of household head

Male 1 1

Female 0.96 (0.94, 0.98) 0.95 (0.93, 0.97)**

Age of the child in month

6-11 1 1
12-17 0.99(0.97, 1.01) 0.9 (0.97,1.01)
18-23 1.02 (101, 1.05) 102 (101, 1.05)*
Antenatal care visit

No 1 1

1-3 times. 101 (097, 1.04) 0.99 (0.96, 1.03)
4or more times 1.01(0.98, 1.04) 1.00 (0.97, 1.04)

Delivery by cesarean section

No 1 1
Yes 1.04 (101, 1.07) 102 (0.99,1.05)
Sex of the child

Male 1 1
Female 101 (099, 1.02) 1.01(0.99,1.02)
Birth order

<3 1 1

Above 3 0.99(0.97, 1.01) 0.99(0.98,1.02)
Preceding h interval in months

No 1 1

<2 0.97(0.94,099) 0.98(0.94,1.01)
24and above 0.99 (097, 1,01) 0.99(0.97,1.02)

Postnatal check-up within 2months
No 1 1
Yes 117 (145, 1.19) 116 (113, 1.18)***

Currently breastfeeding

No 1 1
Yes 116 (113, 1.19) 116 (113, 1.19)#*
Residence

Utban 1 1

Rural 0.90 (0.88,0.92) 1.03 (101, 1.06)*
Region in SSA

Central Africa 1 1

East Africa 120 (1.16,1.24) 110 (106, 114)***
Southern Africa 147 (140, 1.54) 138 (131, 1.46)*+*
West Afiica 1.09 (1,06, 1.13) 104101, 1.07)%
1CC (%) 18.6(17.8,19.5)

MOR 229

Log-Likelihood ~75306.23 7034235 ~75153.62 ~7027472
Deviance 15061246 140684.7 150307.24 140549.44

AR, adjusted prevalence ratio, %p<0.05, **p<0.01, and ***p~0.
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AELELIES Cases (N =84) Controls

(N =168)
Frequency Frequency
(percent) (percent)
Birth order
First 15 (17.9%) 35 (208%)
Second to fourth 19 (226%) 29(17.2%)
Fifth and above 50 (59.5%) 104 (61.9%)

Breastfeeding initiation

Within 1h 67 (79.8%) 138 (82.1%)
Hours later 17.(202%) 30 (17.9%)
Prelacteal feeding

Yes 19 (22.6%) 38 (22.6%)
No 65 (77.4%) 130 (77.4%)
Colostrum feeding

Yes 67 (79.8%) 126 (75%)
No 17.(202%) 42(25%)
Exclusive breastfeeding during the first 6months

Yes 55 (65.8%) 108 (64.3%)
No 29 (34.5%) 60 (35.7%)

Complimentary feeding during the first 6month

Yes 18 (21.4%) 65 (38.7%)
No 66 (78.6%) 103 (61.3%)
Child feeding

<4 times/day 54 (64.3%) 57(34%)
> 4 times/day 30 (35.7%) 111 (66%)

Child Immunization
Completed vaccination 19 (22.6%) 93 (55.4%)

Partially vaccinated or 65 (77.4%) 75 (44.6%)

not vaccinated at all

Pneumonia
Yes 54 (64.3%) 53 (31.5%)
No 30 (35.7%) 115 (68.5%)

Diarrheal disease

Yes 60 (71.4%) 53 (31.5%)
No 24/(28.6%) 115 (68.5%)
Fever

Yes 12.(14.3%) 13.(7.7%)

No 72(85.7%) 155 (92.3%)

Access to drinking water
Yes 34 (40.5%) 84(50%)

No 50 (59.5%) 84 (50%)

Access to sanitation and hygiene

Yes 37 (45%) 119 (70.8%)
No 47 (56%) 49(29.2%)
Presence of a latrine

Yes 32(38%) 100 (59.5%)

No 52.(69%) 68 (40.5%)
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Variables Bivariable binary LR Multivariable binary LR

COR p-value AOR (95% CI) p-value
Occupation
Housewife
Herd livestock 330 0.028 6,804 (0.451-31.916) 015
Employed 1 1
Family size
<5 1 1
5 385 <0.001 3341 (1475-7.563) 0.004

Under-five children
<5 1 1

>5 406 <0.001 4.442 (2.000-9.866) <0.001

Complimentary feeding during the first 6months

Yes 1 1
No 2314 0,007 048

Dietary Diversity

Diverse 1 1

Not diverse 1967 0013 1931 (0.906-4.116) 0.088
Child Immunization

Fully vaccinated 1 1

Unvaccinated 4202 <0.001 3.641(1.618-8.198) 0.002
Pneumonia

Yes 3906 <0001 5.611(2.488-12.651) <0001
No 1 1

Diarrhea

Yes 1 1

No 5425 <0.001 4,680 (2169-10.097) <0.001
Access to sanitation and hygiene

Yes 1 1

No 3085 <0.001 3.181(1.462-6.934) 0.004
Household food security

Insecure 3830 0015 9.460 (2.095-42.712) 0.003

Secure 1
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survey
Region and Country year
Central Africa

Angola 2015-16
Congo democratic republic  2013-14
Congo 2011-12
‘Cameroon 2018
Gabon 2019-21
Chad 2014-15

Subgroup, DL (I = 74.6%, p = 0.001)

West Africa

Burkinafaso 2021
Benin 2017-18
Cote d'lvoire 2021
Ghana 2014
Gambia 2019-20
Guinea 2018
Liberia 2019-20
Mali 2018
Mauritania 2019-21
Nigeria 2018
Niger 2012
Sierra Leone 2019
Senegal 2019
Togo 2013-14

Subgroup, DL (I = 78.4%, p < 0.000)

East Africa

Burundi 2016-17
Ethiopia 2019
Kenya 2022
Comoros 2012
Madagascar 2021
Malawi 2015-16
Mozambique 2011
Rwanda 2019-20
Tanzania 2022
Uganda 2016
Zambia 2018
Zimbabwe 2015

Subgroup, DL (I = 78.5%, p < 0.000)

Southern Africa

Effect %
(95% Cl) Weight

31.43(22.33,40.53) 2.88
3457 (25.25,43.89) 2.86
23.57 (15.25,31.89) 2.98
4253 (32.84,52.22) 281
50.33 (40.53, 60.13)  2.80
37.34(27.86,46.82) 2.84
36.42(28.92,43.91) 17.17

36.29 (26.87,45.71) 2.84
43.32 (33.61,53.03)  2.81
26.15(17.54,34.76)  2.94
43.11(33.40,52.82) 281
49.89 (40.09, 59.69) 2.80
23.94 (15.58, 32.30) 2.97
21.41(1337,2045)  3.01
28.82(19.94,37.70)  2.91
25.04 (16.55, 33.53) 2.96
40.49 (30.87, 50.11)  2.82
51.04 (41.24,60.84) 2.80
3090 (21.84,30.96) 2.89
33.81(24.54,43.08) 2.86
45.77(36.01,5553)  2.80
35.46 (30.20, 40.72) 40.23

37.18(27.71,46.65) 2.84
54.21(44.44,63.98) 2.80
35.14 (25.78,44.50) 2.85
2970 (20.74, 38.66)  2.90
63.98 (54.57,73.39) 2.85
28.65(19.79,37.51) 291
40.98 (31.34, 50.62) 2.82
43.92 (34.19,53.65) 281
31.61(22.50,40.72) 2.88
40.28 (30.67, 49.89)  2.82
40.55(30.93,50.17)  2.82
34.41(25.10,43.72) 2.86
39.97 (34.13, 45.82) 34.16

Lesotho 2014 ——  59.76(50.15,69.37) 282
Namibia 2013 —— 40.81(31.18,50.44)  2.82
South Africa 2016 | —— 51.50 (41.70, 61.30)  2.80
Subgroup, DL (I = 73.3%, p = 0.024) - 50.69 (39.88, 61.50)  8.44

i

i
Heterogeneity between groups: p = 0.082 i
Overall, DL (I? = 79.9%, p < 0.000) <> 38.47 (34.97, 41.97) 100.00

T T
ETN 50
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Predictor variables Wasting (MUAC in cm) (Z < —2SD)

Yes (%) APR (95% ClI)
Wealth index (W1)

Poor 115 (43.7) 7(152) Ref

Middle** 78 (29.7) 17 (37.0) 0.88 (0.80, 0.96) 0.007
Rich** 70 (26.6) 22(47.8) 082 (0.73,0.92) 0.001
Child age

6-10 years 140 (53.2) 14 (30.4) Ref

11-14 years* 123 (46.8) 32(69.6) 0.90 (0.82, 0.98) 0.02
Child DDS*

<4 food groups 181 (68.8) 22 (47.8) Ref

>4 and above™ 82(312) 24(52.2) 0.86 (0.77,0.95) 0.004
Dietary habit

Good DH 95 (36.1) 30(65.2) Ref

Poor DH** 168 (63.9) 16 (34.8) 1.17 (1.06, 1.29) 0.002
Absorption inhibitor (Al)

No 112 (42.6) 33(71.7) Ref

Yes™* 151 (57.4) 13(28.3) 1.15 (1.05, 1.26) 0.002
Water access

No 114 (43.3) 8(17.4) Ref

Yes*™ 149 (56.7) 38 (82.6) 0.84(0.77,0.92) 0.000

MUAC, mid-upper arm circumference; cm, centimeter.
*Dietary diversity score.

*The variable is significant at 0.05 level.

**The variable is significant at 0.01 level.





OPS/images/fpubh-12-1409202/fpubh-12-1409202-t005.jpg
Variables Underweight (Z < —2SD) Overweight (Z > 2SD)

Yes (%) APR (95% ClI) p<0.05 APR (95% ClI) p<0.05
Caregivers/parents age
18-25 years 56 (28.3) 38(34.2) 0.99 (0.73, 1.37) 0.987 0.71(0.36, 1.41) 0.325
26-35 years™ 77 (38.9) 25 (22.5) 057 (039, 0.84) 0.005 1.67 (1.01,2.78) 0.046
36 and above 65 (32.8) 48 (43.2) Ref Ref

Marital status

Married 122 (61.6) 85 (76.6) 0.89 (0.3, 1.49) 0649 0.57 (024, 1.35) 0201
Single 39(19.7) 14 (12.6) 0.57 (030, 1.10) 0.096 0.96 (037, 2.51) 0939
Divorced* 26 (13.1) 327) 0.22 (007, 0.70) 0.01 126 (050, 3.16) 0625
Widowed 11(5.6) 9(8.1) Ref Ref

Meal frequency

<3 meal times* 89 (44.9) 64 (57.7) 1.4 (1.04, 1.88) 0.025 1.00 (0.64, 1.59) 0.987
>3 meal times 109 (55.1) 47 (42.3) Ref Ref

School type

Public school** 99 (39.4) 38 (65.5) 1.10 (0.82, 1.48) 0.517 0.44 (0.27,0.72) 0.001
Private school 152 (60.6) 20(34.5) Ref

SD, standard deviation; Ref, reference category; Z < —2SD, z score below negative 2 standard deviation from the normal (reference category) is undernutrition; Z > 25D, z score above positive
2 standard deviation from the normal is overweight.

*p-value < 0.05.

**p.value < 0.01.
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Background Categories

characteristics

Caregivers/parents age 18-25 years 94 (30.4)
26-35 years 102 (33.0)
36 and above 113 (36.6)
Gender Male 146 (47.2)
Female 163 (52.8)
Family size 2-4 family size 142 (46.0)
5-8 family size 94 (30.4)
Above 8 families 73 (23.6)
Marital status Married 207 (67.0)
Single 53(17.2)
Divorced 29(9.4)
Widowed 20(6.5)
Educational status Diploma and above 189 (61.2)
9-12 grade 62(20.1)
1-8 grade 23(7.4)
Read and write only 18 (5.8)
Unable to read and write 17 (5.5)
Occupation Government 72(233)
Private 108 (35.0)
Farmer 11(3.6)
Merchant 68 (22.0)
Housewife 50 (16.2)
Household income Low (<7,000 birr) 88 (28.5)
Middle (8,000-10,000 birr) 78(25.2)
High (11,000 birr) 143 (46.3)
Religion Orthodox Christian 141 (45.6)
Muslim 75 (24.3)
Protestant 64(20.7)
Others* 29(9.4)
House owner Private Owned 162 (52.4)
Rent from private 105 (34.0)
Rent from gov't 42 (13.6)
Wealth index Poor 85(27.5)
Middle 106 (34.3)
Rich 118 (38.2)

9%, percentage of respondent; n, number of respondents.
*Catholic, Jehovah, and wake feta.
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Characteristics Categories n (%)
Age in years 6-10 years 154 (49.8)
11-14 years 155 (50.2)
Sex Male 131 (42.4)
Female 178 (57.6)
School type Public school 172 (55.7)
Private school 137 (44.3)
Children school grade 1-4 Grade 150 (48.5)
5-8 Grade 159 (51.5)
Meal frequency Less than three meal times 153 (49.5)
Three and above 3 meal 156 (50.5)
times
Dietary diversity score <4 food groups 203 (65.7)
4and above food groups 106 (34.3)
Skipping meal Not skipped 134 (43.4)
Skipped 175 (56.6)
Dietary habit Good dietary habit 125 (40.5)
Poor dietary habit 184 (59.5)
Absorption inhibitor No 145 (46.9)
Yes 164 (33.1)
Water supply No 122 (39.5)
Yes 187 (60.5)
Toilet No 173 (56.0)
Yes 136 (44.0)
Wasting Wasting 46 (14.9)
Stunted indices Stunted 75 (24.3)
BMI Indices Underweight 111 (35.9)
Overweight 58 (18.8)
Height for age Mean =+ SD —0.78 £ 1.59
BMI for age Mean £ SD —1.03 £2.08
MUAC (mm) Mean % SD 194 429
Weight (kg) Mean % SD 321+97
Height (cm) Mean =% SD 139.8 £153

%, percentage of the respondent; MUAC, mid-upper arm circumference; BMI, body mass

index; mean, average value; SD, standard deviation.
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Predictor variables Stunting (height for age) HAZ < —2SD?

Yes (%) APR (95% CI)

Marital status

Married 174 (74.4) 33 (44.0) Ref

Single*™* 29 (12.4) 24(32.0) 2.5(1.62,3.86) 0.000
Divorced™ 18(7.7) 11(14.7) 2.1(1.23,3.54) 0.006
Widowed 13(56) 7(9.3) 1.4(0.70, 2.61) 0366
House owner

Private owned 139 (59.4) 23 (30.7) Ref

Rent from private™ 68 (29.1) 37 (49.3) 2.13 (1.36, 3.34) 0.001
Rent from gov't™* 27 (11.5) 15 (20.0) 22 (1.25,3.76) 0.006

Education level of parents

Diploma and above 161 (68.8) 28(37.3) Ref

9-12 grade** 41(17.5) 21(28.0) 2(1.22,3.27) 0.006
1-8 grade™ 13 (5.6) 10(13.3) 2.6 (1.46, 4.48) 0.001
Read and write only** 10 (4.3) 8(10.7) 2.7 (1.40,5.11) 0.003
Unable to read and write* 9(3.8) 8(10.7) 1.9 (1.09, 3.30) 0.023
Child gender

Male 87 (37.2) 44(58.7) Ref

Female* 147 (62.8) 31(413) 0.65 (045, 0.96) 0.031
Meal skipping

Not skipped 115 (49.1) 19(25.3) Ref

Skipped** 119 (50.9) 56 (74.7) 2.03(1.33,3.10) 0.001

Information about nutrition

Awareness 157 (67.1) 32(427) Ref

Lack of awareness® 77 (32.9) 43(57.3) 15(1.02, 2.16) 0.04

*Except for the p-value, all figures in the table are rounded to two digits.
APR, adjusted prevalence ratio; CI, confidence intervals HAZ, height for age z-score; Ref, reference category.
*p-value < 0.05.

**p.value < 0.01.
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