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The heterogeneity in East African small-holder agricultural systems influences the farm households’ welfare outcomes. We examine the heterogeneity of rural farm households in Eastern Africa and the influence of such diversity on household food security and how these relate to intra-household decision-making dynamics. Using data from the Rural Household Multi-Indicator Survey (RHoMIS) 1,199 households in Ethiopia, Kenya, Malawi and Uganda were typologized using partition-based cluster analysis. These were grouped into relatively homogenous classes reflecting their socio-demographic characteristics, resource endowment and farm orientation based at a country level to reflect the unique institutional conditions within these countries. Additional analysis was then used to characterise the differences in food insecurity and intra-household decision-making of these clusters. Five distinct farm household clusters were identified in Ethiopia and Kenya, four in Malawi and three in Uganda. The main factors differentiating the farm clusters were educational attainment of the household head, levels of resource endowment, market orientation and off-farm income. Market orientated clusters and clusters comprising more educated household heads were generally more food secure across all countries. In Ethiopia, Kenya and Uganda, women had greater decision-making control in clusters comprising least educated household heads. Female decision-making control was negatively associated with the resource endowment of clusters in Kenya, Malawi and Uganda. This emphasises the importance of understanding rural farm household heterogeneity when tailoring interventions to target household food insecurity and gender inequity in decision-making in Eastern Africa.
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1 Introduction

Eastern African farming systems are dominated by smallholders, who account for approximately 75% of all agricultural production (Salami et al., 2010). These smallholders traditionally practise mixed farming, cultivating small areas of food crops and are highly heterogenous in socio-economic conditions, ecological environments, livelihood strategies, and production objectives. These factors have been found to have strong conditioning effects on farm households’ welfare and food security (Babulo et al., 2008; Vanlauwe et al., 2014; Gebre and Rahut, 2021). Within the last decade, typology approaches have been used extensively to capture the heterogeneity of farming systems and understand their effect on: the environment and farm household sustainability (Tittonell et al., 2010; Mutoko et al., 2014; Sakane et al., 2014; Musafiri et al., 2020; Ulukan et al., 2022); agricultural adaptation strategies (García De Jalón et al., 2017; Douxchamps et al., 2016; Kansiime et al., 2021); livestock production and management (Houessou et al., 2019); farmer perceptions and motivations (Barnes et al., 2013; Barnes et al., 2022); and livelihood choices and outcomes (Babulo et al., 2008; Dunjana et al., 2018), amongst others. Farm households are commonly characterised according to their structural or functional characteristics (Tittonell et al., 2020). Less is known, however, about the associations between smallholder farmers’ heterogeneity and intra-household decision-making dynamics. However, an understanding of the patterns and outcomes of farmers’ heterogeneity on household food security and intra-household decision-making is central for developing systems, tailoring policies and promoting gender equality which reduces food insecurity in Eastern Africa (Coates et al., 2007; FAO, 2011).

Despite discriminatory laws and socio-cultural norms embedding gender disparities in Eastern African farming systems, gender relations are dynamic (Fischer and Qaim, 2012; Gallina, 2016). Studies are increasingly acknowledging a positive association between household food security and women’s decision-making control over income, resources and production (Okonya et al., 2021; Lufuke et al., 2023). While these studies are increasingly incorporating indicators of household food security into their typologies (Kuivanen et al., 2016; Nabuuma et al., 2021; Ulukan et al., 2022), few have included intra-household gender dynamics and indicators of female decision-making. Only Kamau et al. (2018), construct a farm typology according to structural and functional characteristics, dietary diversity and gender equity of decision-making control. Nevertheless, they only considered Kenya’s Kajiado and Murang’a counties and to date, it appears no typology study has combined a structural and functional approach, with the incorporation of both food security and female empowerment indicators, at the multi-country level in Eastern Africa.

Accordingly, this paper adds to the nascent literature on small-holder typologies and aims to assess the heterogeneity of households across Ethiopia, Kenya, Malawi and Uganda. We employ a rich dataset, the RhoMIS database, which covers a range of countries and agro-ecosystems in the Global South (Hammond et al., 2017). In so doing, our objective is to add to previous analysis of these data by comparing the heterogeneity of these typologies found against intra-household decision making dynamics and associated food security strategies.



2 Materials and methods

Using a data driven approach we derive our typologies at country level, recognising the diversity of institutional structures that define accessibility and gender dynamics across the countries. A range of methodological approaches can be applied to derive typologies, including statistical, participatory and expert-based approaches (Tittonell et al., 2020; Barnes et al., 2022). Participatory methods use local farmers’ knowledge to categorise farm systems, incorporating indigenous experiences and socio-cultural values into the typology that are often difficult to capture statistically. Kuivanen et al. (2016) construct a participatory typology of households in Northern Ghana based on meetings with local stakeholders and informal group sessions with farmers. Expert-based methods use subject matter experts to define or validate categorisations of farms in a locality, improving the comprehensibility of the typology for stakeholders (van de Steeg et al., 2010). Statistical-based typologies often employ multivariate techniques to characterise farming systems, with cluster analysis the most commonly used method among studies in SSA (Kansiime et al., 2018; Houessou et al., 2019; Musafiri et al., 2020). Additionally, a handful of studies use multi-dimensional scaling (Pacini et al., 2014) and Naïve Bayesian inference (Paas and Groot, 2017). Statistical typologies are advantageous in terms of their objectivity and reproducibility, enabling comparison across contexts (Kuivanen et al., 2016). Moreover, statistical typologies are often able to incorporate a greater number of variables than participatory or expert-based typologies, emphasising their multidimensional potential (Berre et al., 2019).


2.1 Data source and survey tool

Data for the analysis were sourced from recent cross-sectional farm household characterisation surveys collected using the Rural Household Multi-Indicator Survey (RHoMIS) tool, available at the Harvard Dataverse RHoMIS data repository (RHoMIS, 2019). The general design and principles of the RHoMIS tool are described in detail by Hammond et al. (2017) and van Wijk et al. (2020). In brief, RHoMIS is a standardised farm household survey approach that provides rapid characterisation of farming systems in a rural development context. RHoMIS collects information on a broad array of variables that are used to quantify a series of widely accepted indicators concerning farm and household characteristics, agricultural productivity, market integration, food security and poverty, among others (van Wijk et al., 2020). RHoMIS was designed in response to the need for improvements in household-level characterisation of agricultural systems, which has traditionally been hampered by poor-quality data arising from a lack of standardisation, poor survey design and biases (Hammond et al., 2017). Accordingly, the RHoMIS tool is flexible in its design to permit modifications that suit local contexts, while remaining adequately standardised to enable rapid implementation, analysis and comparison across multiple sites (Ritzema et al., 2019). As such the RHoMiS provides a randomised sample of small-holder households operating within a range of countries.

The data collection efforts conformed with the principles of the 1964 WMA declaration of Helsinki. Ethical approvals for the survey applications were obtained from the internal ethical review committees of the different institutes contributing datasets [e.g., the Internal Review Ethics Committee (IREC) of the International Livestock Research Institute] or for those partners without an internal ethical committee, from ethical evaluation by the senior management at each organization after careful evaluation of the content and methodology. Survey participants were not particularly vulnerable, had the possibility to skip questions, and explicit oral informed consent was obtained from all survey participants prior to survey enumeration (which is documented as the opening question in the questionnaire and dataset.1) In many cases written consent was also obtained, but this was not universal in cases of low literacy amongst study populations. If consent was denied, survey enumeration was terminated. Permission for obtaining oral rather than written consent from survey respondents was granted by the Internal Review Ethics Committee (IREC) of the International Livestock Research Institute and implementing research organizations. Respondent anonymity has been preserved at all times.

Moreover these data undergo a validation process to minimise measurement errors and ensure quality of the data collected (van Wijk et al., 2020). Data used in this study has been collated from several individual RHoMIS-based research projects that were administered between 2019 and 2020 and led by different organisations, illustrating the advantage of a standardised data collection tool.



2.2 Data cleaning

Data for all countries in the region of interest were cleaned and records with missing values were excluded from the dataset. To minimise bias and misclustering, selected variables were screened for outliers and values exceeding the 99th percentile threshold were trimmed from the dataset. RhoMIS has around 19 countries in Africa and the choice was made to focus on selected countries in East and Southern Agriculture for brevity of reporting. A total of 1,199 households from Ethiopia (270 households), Kenya (430 households), Malawi (177 households) and Uganda (322 households) were retained for analysis.



2.3 Data analysis

All statistical analyses were performed within the RStudio environment (version 2023.6.1.524) (Posit Team, 2023) for R, using the packages cluster (Maechler et al., 2022), Rtsne (Krijthe, 2015), ggplot2 (Wickham, 2016), factoextra (Kassambara and Mundt, 2020) and summarytools (Comtois, 2022). Statistical differences were considered significant at 0.05. Numeric variables were checked for normality through visual inspection, revealing all numeric variables followed a non-normal distribution. Comparisons between sites, in terms of farm household characteristics, food security status and female decision-making, were conducted using the chi-squared test (χ2) for categorical variables and the Kruskal–Wallis H test for numeric variables. When the tests indicated significant relationships, a post hoc test was performed using the standardised residuals method for χ2 and sequential, Bonferroni-corrected, Mann–Whitney U tests for Kruskal–Wallis. Medians were presented with their interquartile ranges.

Prior to clustering, numeric variables were logarithmically transformed to minimise bias in the clustering, due to the non-normal distributions of the data. Additionally, a correlation matrix was constructed to identify potential collinearities and redundant variables. The matrix revealed weak linear relationships, with absolute values of r < 0.36; hence all variables were retained for clustering. The partitioning around medoids (PAM) method, based on the Gower distance, was selected for clustering, due to its greater robustness to outliers than other partition-based algorithms (Jin and Han, 2010) and ability to cluster mixed data types. The Gower distance measures the dissimilarity between two observations with mixed numeric and non-numeric elements, generating a distance matrix. The PAM algorithm was then applied to the Gower distance matrix to map observations into a predetermined number of clusters (k) (Botyarov and Miller, 2022). The silhouette width method was used to determine the optimal number of clusters for each country (Sai Krishna et al., 2018). Silhouette plots are shown in Figure 1. The method computed an average silhouette coefficient of observations for different values of k. The coefficient takes a value between −1 and 1 and is an aggregated measure of how close observations in one cluster are to observations in neighbouring clusters, representing the separation distance between clusters (Kassambara, 2017). Additionally, the average silhouette coefficient was used as an internal cluster validation index, to determine the quality of clustering; where an average silhouette coefficient close to 1 indicates the observations are very well clustered and a negative silhouette coefficient indicates there are observations that are poorly clustered (Kassambara, 2017).
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FIGURE 1
 Silhouette plot of silhouette coefficients of farm clusters in (A) Ethiopia, where the average silhouette width is 0.44 for k = 5; (B) Kenya, where the average silhouette width is 0.43 for k = 5; (C) Malawi, where the average silhouette width is 0.44 for k = 4; and (D) Uganda, where the average silhouette width is 0.55 for k = 3. Five households had negative silhouette coefficients: in Ethiopia, the silhouette coefficients of one household in cluster 2 = −0.03, and one household in cluster 3 = −0.10; while in Uganda, the silhouette coefficients of two households in cluster 2 = −0.02 and − 0.04, and one household in cluster 3 = −0.05.


Interpretation of the clusters was conducted by exploring mean values and standard deviations for numeric variables and counts per cluster for categorical variables, with the exception of the FIES scores where means were used. Within countries, cluster averages for resource endowment and farm orientation variables were compared, using the country average as a reference point. Each cluster was labelled according to their key structural and functional characteristics and organised against a resource endowment gradient. Within each country, significance testing between farm clusters was performed using the [image: image] test for categorical variables and the Kruskal–Wallis H test for numeric variable. A Monte Carlo simulation was applied to the [image: image] test in instances where the test assumptions were not met. For significant relationships, a post hoc test was performed using the standardised residuals method for [image: image] and sequential, Bonferroni-corrected, Mann–Whitney U tests for Kruskal–Wallis.

From the cluster analysis, it emerged that rural farming households within the study sites could be grouped into farm clusters that reflected their structural and functional diversity, as well as their heterogeneity in household food security status and gendered decision-making dynamics. For each country, the Silhouette Width was computed for two to 10 clusters and revealed the optimal number of farm clusters were five for Ethiopia, five for Kenya, four for Malawi and three for Uganda. The average silhouette coefficients for the typologies were 0.44 for Ethiopia, 0.43 for Kenya, 0.44 for Malawi, and 0.55 for Uganda, indicating the households are well clustered in each country.




3 Results and discussion


3.1 Description of selected variables and indicators

From the pool of information collected by RHoMIS, nine variables describing household-level sociodemographic characteristics, resource endowment and farm orientation were selected for constructing the farm household typologies. To analyse the relationship between the typologies, household food security status and gendered decision-making dynamics, one household-level food security indicator and one female decision-making indicator were included in the typology construction. The information underpinning these indicators is described in Table 1.



TABLE 1 Characteristics of rural farming households in Ethiopis (n = 270), Kenya (n = 430), Malawi (n = 177) and Uganda (n = 322).
[image: Table1]

Across the countries studied, households were reasonably small (median size 4 to 6 members) with heads who were predominantly middle-aged and moderately educated, generally completing either primary or secondary education. Nonetheless, significant differences existed between the countries (household size, age of household head, and education level of household head). Households in Ethiopia and Uganda were significantly larger than those in Kenya and Malawi. Household heads were significantly younger in Ethiopia and Malawi than they were in Kenya. Additionally, in Ethiopia, household heads were generally the least educated, with 38.9% having received no formal education. This is followed by Malawi, where 66.1% of household heads attained primary education. In contrast, household heads in Kenya and Uganda were generally the most educated, with 44.9 and 35.1%, respectively, attaining either secondary or tertiary education. Post hoc analysis confirmed Ethiopian household heads are more likely to receive no education and less likely to receive secondary education, while the reverse was true for household heads in Kenya. In male dominated households, farmer age and education levels has been found to interact with gender dynamics, however effects are nuanced and context dependant (Mutenje et al., 2016; Jost et al., 2016).

Farm sizes were typically small, with households cultivating an average of 0.6 to 1.2 ha; households in Ethiopia and Uganda cultivated significantly larger areas of land than households in Kenya and Malawi. Additionally, livestock numbers varied significantly between countries. Regarding the farm orientation of households, significant differences existed between countries. Households in Ethiopia and Kenya rarely depended on off-farm income, while in Uganda and Malawi off-farm income represented a relatively important source of income, contributing 10 and 20% of total household income, respectively. Households in Ethiopia and Uganda were significantly more market orientated, selling on average 58% of farm produce. Conversely, households in Malawi were least market orientated, selling on average 40% of farm produce. Ugandan and Kenyan households were significantly more livestock orientated, obtaining 22 and 44% of farm produce value from livestock, respectively. In contrast, households in Malawi and Ethiopia obtained only 7 and 8%, respectively, indicating a greater reliance on crop production. Additionally, Ugandan households exhibited significantly greater crop diversity, cultivating on average four crop varieties; while households in Ethiopia and Malawi were least diverse, cultivating one crop variety.

Given the complex and multidimensional nature of food security, the Food Insecurity Experience Scale (FIES) was selected for analysis of the food security status of the farm typologies (Wambogo et al., 2018; Manikas et al., 2023). The FIES is an experience-based indicator that captures the access dimension of food security and is constructed from eight questions related to an individual’s or household’s perceptions and behavioural responses to insecure food access (Manikas et al., 2023). FIES scores were significantly different at country level [[image: image] (24, N = 1,199) = 449.53, p < 0.001], resulting in substantial variation between the food security status of households. Households in Uganda and Kenya generally experienced food security, with average FIES scores of two and three, respectively. Households in Malawi generally experienced severe food insecurity, with an average FIES score of seven and significantly more scores of eight, than expected.

Intra-household decision-making dynamics were quantified using a female control indicator, which represents the proportion of total benefits generated from on and off-farm activities that are controlled by a female in the household. For each farm product and income source, households are asked whether a man or woman usually decides how much of a product to eat, when to eat it and who sells it (van Wijk et al., 2016). To construct the female control indicator, this information is aggregated into an overall score ranging from 0 to 1, where 0 implies women in the household have no decision-making control over the food and income benefits generated by on and off farm activities; 1 implies women have complete control; and 0.5 implies joint decision-making between men and women in the household (van Wijk et al., 2016). The indicator therefore reflects women’s decision-making agency over the benefits that result from these resources, rather than the ownership of resources (van Wijk et al., 2016). Female control scores differed significantly between countries [[image: image] (3) = 56.33, p < 0.001]. Ugandan households exhibited the greatest female decision-making power, with women on average having 56% of control over decisions related to productive resources and income. On the other hand, households in Ethiopia, Kenya and Malawi typically exhibited joint decision-making, with average female control scores of 0.50.



3.2 Structural and functional characteristics of farm clusters

Detailed analysis of the clusters by country are provided in the Supplementary material. Tables 2–5 provides a descriptive summary of each countries’ farm clusters, based upon their key structural and functional characteristics.



TABLE 2 Description of the key structural and functional characteristics of the farm clusters identified in Ethiopia, Kenya, Malawi and Uganda, organised by resource endowment.
[image: Table2]



TABLE 3 Profile of the farm clusters identified in Kenya (n = 430): cluster 1 (n = 121), cluster 2 (n = 44), cluster 3 (n = 30), cluster 4 (n = 86) and cluster 5 (n = 149).
[image: Table3]



TABLE 4 Profile of the farm clusters identified in Malawi (n = 177): cluster 1 (n = 46), cluster 2 (n = 47), cluster 3 (n = 71) and cluster 4 (n = 13).
[image: Table4]



TABLE 5 Profile of the farm clusters identified in Uganda (n = 322): cluster 1 (n = 110), cluster 2 (n = 178) and cluster 3 (n = 34).
[image: Table5]

The five farm clusters were relatively homogenous regarding household size, which on average ranged between five and six members. The greatest heterogeneity is observed in the educational attainment of the household head, resource endowment and farm orientation of the different clusters.

The five farm clusters shared similar characteristics in terms of household size and crop diversity. Households on average comprised four to five members and cultivated between one and two crop varieties. The farm clusters were most distinguishable in terms of resource endowment, off-farm income, market orientation, livestock orientation and educational attainment of the household head.

The four farm clusters shared similarities in terms of household size, livestock orientation and crop diversity. Factors providing the greatest distinction between the farm clusters were educational attainment of the household head, resource endowment, off-farm income and market orientation.

The three farm clusters shared similarities regarding household size, crop diversity and market orientation, with the clusters cultivating, on average, four crop varieties and selling approximately 57% of farm produce. The farm clusters were most distinguishable in terms of the educational attainment of the household head, resource endowment, off-farm income, and livestock orientation.



3.3 Household food security status of farm clusters

Pearson’s chi-squared tests revealed statistically significant associations between farm clusters and FIES scores in Kenya [χ2 (NA2, N = 430) = 64.64, p < 0.01] and Uganda [χ2 (NA, N = 322) = 28.57, p < 0.05]. Although the association between farm clusters and FIES scores in Ethiopia and Malawi were not considered statistically significant, visual comparison of mean FIES scores revealed nuances in the food security status of the farm clusters. For Kenya, farm clusters 2 and 5 were considered food secure, with cluster 2 reporting the lowest mean FIES score. For Ethiopia, farm clusters 2 and 3 were conceived as food secure and reported similar mean FIES scores of 3.77 and 3.75, respectively. For Uganda, all farm clusters were conceived as food secure, with mean FIES scores ranging between 2.13 and 3.76 months. Specifically, cluster 1 reported the lowest mean FIES score, while cluster 3 reported the highest mean FIES score.

For Kenya, farm clusters 1, 3, and 4 were considered moderately food insecure, with mean FIES scores ranging between 4 and 4.25. Of these clusters, cluster 3 reported the lowest mean FIES score, while cluster 4 reported the highest. For Ethiopia, farm clusters 1, 4 and 5 were conceived as moderately food insecure, with mean FIES scores ranging between 4.13 and 4.92. Among these clusters, cluster 4 exhibited the lowest mean FIES score, while cluster 5 exhibited the highest. For Malawi, all farm clusters were considered moderately food insecure and exhibited the greatest FIES scores across all countries’ farm clusters. The FIES scores of Malawi’s farm clusters ranged between 5.78 and 6.32, with cluster 1 conceived as least food insecure and cluster 2 conceived as most food insecure. Clusters 3 and 4 displayed similar intermediate levels of moderate food insecurity.

The results in this study suggest that educational attainment of the household head has a strong influence on household food security across the countries, with the more educated generally reporting lower FIES scores. Wubetie et al. (2023) and Mutea et al. (2022) report that education of the household head is positively associated with food security in Eastern African countries. Rono et al. (2023) found that household heads with secondary or tertiary education are associated with a 27% increase in the probability of household food security in Northern Kenya. In this study Malawi and Uganda follow a similar trend, albeit less pronounced. The more modest variations in FIES scores between these countries reflect the education and political systems of the country as a whole. In Malawi, for instance, weak financial discipline has compromised human and financial resources in the education sector, with implications on the quality of education received (Kafumbu, 2020). More educated farmers are shown to have greater access to agricultural information and improved employment opportunities, increasing agricultural productivity, household income and economic access to food security (Bashir and Schilizzi, 2013). Furthermore, education improves nutritional knowledge and provision of higher-quality diets, increasing households’ ability to meet their nutritional requirements (Rono et al., 2023). This emphasises the need for long-term policies targeted at enhancing school funding and rural households’ access to quality education. This is particularly crucial in Ethiopia and Malawi, where more than 75% of farm household heads in the sample had not received education past primary level.

The typologies reveal a general association between commercialisation and household food security. All food secure farm clusters, with the exception of cluster 2 in Kenya, are market orientated. In contrast, the majority of food insecure clusters are subsistence orientated or semi-commercial. This aligns with the observations of Kirimi et al. (2013) and Kilimani et al. (2022) in Kenya and Uganda, respectively, who report commercialisation reduces food and nutrition insecurity by increasing household income. This additional income not only increases households’ economic access to dietary diversity but can enable purchase of agricultural inputs that promote food crop productivity on farm (Kirimi et al., 2013). Hence, interventions facilitating market participation among semi-commercial, and subsistence orientated farm groups are crucial for reducing household food insecurity in Eastern Africa. Such interventions include improving access to all-weather roads and market information systems, which promote commercialisation by reducing time and transport costs (Justus et al., 2015).

The influence of off-farm income on household food security of the farm clusters is less evident. In Kenya and Uganda, off-farm income is higher among the more food secure clusters. These findings corroborate with those of Owusu et al. (2011) and Mutea et al. (2019) in SSA, and more widely those of Duong et al. (2021) in Vietnam, who report off-farm employment enhances household income and is positively associated with household food security. In Ethiopia and Malawi, however, the trends between household food security and off-farm income appear more country-specific. Off-farm income is low across all farm clusters in Ethiopia, constituting 4 to 14% of total household income. This is consistent with Abera et al. (2021), who find off-farm income accounts for 7.5% of total household income of rural farmers in Chewaka district, Ethiopia. It is possible these households in Ethiopia are not engaging in off-farm employment regularly. Alternatively, they may face entry barriers to more remunerative off-farm opportunities (Alobo Loison, 2015). Future typology studies and data collection exercises would profit from incorporating more detail on the type of off-farm activities undertaken by households, to help discern the reasons behind low off-farm income shares among farm clusters. Conversely, off-farm income is considerably higher among Malawi’s farm clusters. Bhatti et al. (2021) report Malawian farmers with a higher share of off-farm income implement less efficient agricultural practices, resulting in lower farm profitability. This may explain the high off-farm income and low food security observed among Malawi’s farm clusters. It is also important to note that Malawi’s farm typology was constructed from data collected in 2019. In early March of that year, the country experienced a severe tropical cyclone and acute flooding (Government of Malawi, 2019). Given that in Malawi off-farm employment represents a crucial source of income for food purchase in times of deficit (Sitienei et al., 2014), it is possible that these farm clusters reflect households adopting off-farm income as a coping strategy under this event. Indeed, off-farm income constitutes more than one-third of total income in low to medium resource endowed clusters and only 19% of total income in high resource endowed clusters, suggesting off-farm employment is pursued as a survival strategy by poorer groups in Malawi. Collecting time series data through repeat RHoMIS surveys of the same households would therefore be beneficial for establishing a robust understanding of off-farm activity over time.



3.4 Intra-household decision-making dynamics of farm clusters

Kruskal–Wallis tests revealed significant differences in intra-household decision-making dynamics, measured as female control, of farm clusters in Ethiopia [χ2 (4) = 9.50, p < 0.05], Kenya [χ2 (4) = 38.75, p < 0.001], Malawi [χ2 (3) = 10.74, p < 0.05] and Uganda [χ2 (2) = 13.60, p < 0.01].

For Uganda, women had high decision-making power in all three farm clusters. Notably, cluster 3 reported the highest female control scores across all countries’ farm clusters, with women having on average 74% of control over decisions related to productive resources and income. While, in clusters 1 and 2 women had on average 54 and 64% of decision-making control, respectively. For Malawi, decision-making power was orientated towards women in three farm clusters. Women had similarly high decision-making authority in clusters 2 and 3, controlling 61 and 62% of decision-making, respectively. Cluster 1 households, however, exhibited less distinct gender differences, with women having 51% of decision-making control. For Kenya, clusters 1 and 3 displayed high female decision-making power, with women having 57 and 68% of control, respectively. Ethiopia’s typology comprised of two farm clusters where decision-making dynamics were orientated towards women in the household. Specifically, in clusters 1 and 5 women had on average 52 and 55%, respectively, of control over decisions related to productive resources and income.

Both Ethiopia’s and Kenya’s typology comprised three farm clusters with similarly low female decision-making authority. For Ethiopia, women in clusters 2, 3 and 4 controlled on average 46, 42 and 45%, respectively, of decision-making (Table 2). For Kenya, women in clusters 2, 4 and 5 controlled on average 44, 47 and 40%, respectively, of decision-making (Table 3). For Malawi, cluster 4 reported low female decision-making authority (Table 4). Notably, cluster 4’s female control score was the lowest across all countries’ farm clusters, with women controlling 38% of decisions related to productive resources and income.

In Ethiopia, Kenya and Uganda, female decision-making power is highest in farm clusters where household heads receive no formal education and is generally lowest in clusters where heads attain secondary or tertiary education. This is in contrast to the findings of an OECD (2015) study in Uganda that suggests commitment to gender equality is lower among people with lower education. However, Sell and Minot (2018) report educational equality between spouses has a greater influence on female decision-making power, than the level of education attained. It is therefore possible, that in this study, the farm clusters with household heads attaining secondary or tertiary education have a larger male educational advantage than clusters comprising less educated heads. Indeed, the literature indicates school absenteeism is significantly higher among women in Eastern Africa, especially during secondary education, due to factors such as gender-based violence, women’s household labour burden and limited access to decision-making (Tamiru et al., 2016). Hence, for a more conclusive understanding of the dynamics between education and female decision-making power, future typology studies should incorporate measures of educational attainment of spouses and distinguish between male- and female-headed households. Additionally, for educational policies to successfully empower women in Eastern Africa, it is crucial gender mainstreaming is at the forefront of these policies and focus is directed towards reducing the gender gap in education.

In Kenya, Malawi and Uganda, female control is typically lowest in high resource endowed farm clusters and tends to increase against a declining gradient of resource endowment. This aligns with the findings of Gebre et al. (2019) that female decision-making households have significantly smaller land and livestock holdings than male decision-making households. It is widely acknowledged that ownership and agency of assets is strongly gendered in Africa, reflecting restrictive social structures and gender norms, such as the patrilineal inheritance system, which limits women’s access to land (Quisumbing et al., 2015; Kinati et al., 2022). Hence, women in rural Eastern Africa should be targeted with interventions that tackle these structural disadvantages and build their capacity to claim ownership over assets. Kinati et al. (2022), for instance, highlight the importance of promoting women’s self-confidence, their social networks and membership to associations, for enhancing their control over resources. Not only will this likely prove valuable in lifting low resource endowed, female decision-making farm groups out of poverty but will also promote gender balance in decision-making among high resource endowed farm groups.

The typologies allude to an association between off-farm livelihood diversification and female decision-making power. In Ethiopia, Kenya and Uganda, female control scores are typically lower in farm clusters that have higher shares of off-farm income. Fischer and Qaim (2012) report a similarly negative relationship between female decision-making control and household engagement in off-farm employment. Moreover, Gebru and Beyene (2012) and Abera et al. (2021) find female-headed households are less likely to engage in off-farm income diversification than their male counterparts, due to cultural-based gender roles forcing women to engage more in domestic activities. Given the poverty-alleviating potential of livelihood diversification (Hammond et al., 2023), investments that generate off-farm employment opportunities should be directed towards households with low off-farm income. However, to minimise the negative effects that off-farm income can have on female decision-making control, it is crucial these investments are coupled with interventions that increase women’s capacity to take advantage of these off-farm opportunities. Such interventions include promoting women’s access to education and financial capital (Gebru and Beyene, 2012).

Conversely, in Malawi this trend is reversed, with high off-farm income associating with prominent female decision-making control in the farm clusters. Based on the 2008 Malawi Welfare Monitoring Survey, it is estimated that 88% of Malawian women engage in informal off-farm employment, compared to 65% of men (Slavchevska et al., 2016). This high level of engagement among women may explain the positive association between off-farm income and female control observed in the Malawi typology. Indeed, studies find that when women themselves engage in off-farm employment, they are more empowered in household decision-making (Maligalig et al., 2019). Additionally, it is possible that Malawi has experienced “feminization of agriculture,” where women’s involvement in agricultural production and decision-making control over productive assets and incomes increase as men participate in rural out-migration (Caulfield et al., 2021; Slavchevska et al., 2021). In the last 50 years, Malawi has experienced large-scale male out-migrations to neighbouring countries (Niboye, 2018). However, future typology studies should investigate the gender of those participating in off-farm employment to determine whether this is influencing gender decision-making dynamics in Malawi’s farm clusters. Nevertheless, this study highlights the influence of a country’s socio-economic and political context on off-farm income and intra-household decision-making dynamics.




4 Conclusion

Employing a data-driven approach identifies distinct clusters of farm households and the non-linear relationships between food security, gender dynamics and resource endowments. The most salient factors distinguishing the farm clusters are educational attainment of the household head, levels of resource endowment, market orientation and livelihood diversification through off-farm income.

Using the RHoMIS data we found female decision-making control is high across Uganda’s food secure farm clusters; corroborating the consensus in the literature that women’s empowerment in decision-making and control over income supports increases in household nutrition and food security. This is attributed to women typically allocating greater resources to food crop production and spending a higher proportion of income on education, health and food for family members, than their male counterparts. Conversely, in Ethiopia, Kenya and Malawi, female decision-making control is generally higher in the food insecure farm clusters. This disparity between the countries’ typologies highlight how context-dependent food security and intra-household decision-making dynamics are and warrants the need for further investigation into institutional factors that may mediate an association between the two variables. Nevertheless, it aligns with the observations of Gebre et al. (2021) in Ethiopia, who report female decision-making households have a higher probability of experiencing food insecurity than their male counterparts. The authors ascribe this to women’s increased vulnerability to climate variability and structural disadvantages, in terms of endowment of labour, productive assets, education, training and market information (Gebre et al., 2021). Moreover, these authors report that if female decision-making households had the same amount of resources and returns from resources as male decision-making households, their probability of food security would be expected to increase by 4.6 and 11.6%, respectively. Hence, policies that challenge the barriers women face in agriculture are critical for improving food security outcomes, particularly in Ethiopia, Kenya and Malawi. Additionally, outreach programmes should be initiated across farm household groups to raise awareness of the importance of female decision-making empowerment in rural development.

Rural farm households in Eastern Africa are highly heterogenous. Understanding this diversity is critical for the design and implementation of agricultural development policies and interventions that are tailored to local contexts. The typologies reveal considerable diversity in the structural and functional characteristics of rural smallholder farmers, as well as their food security status and intra-household decision-making dynamics. Additionally, variations in the way in which farm clusters form between countries reflect local institutional factors and the socio-political contexts of the countries and this should be recognised in future studies going forward. For instance, interventions that challenge the structural barriers women face in agriculture are crucial for improving food security outcomes in Ethiopia, Kenya and Malawi, and among low-resource endowed clusters where women’s decision-making power is prominent. Additionally, it is critical that gender mainstreaming is at the forefront of these tailored approaches, to ensure interventions that improve food security, through for example promoting off-farm income earning opportunities or access to education, do not foster gender disparities in the household and disenfranchise women’s decision-making power.

We find that promoting women’s self-confidence is likely to prove instrumental in lifting female decision-making out of poverty. Hence, “hard” social networks, through the establishment of women-only cooperatives, would need to be complemented by “softer” social networks which could be enabled through the targeting of knowledge exchange, peer-to-peer learning and advisory services. Each country has various levels of institutional engagement, but a clear policy recommendation is to ensure promotion of both types of interaction to formalise the decision-making power of females. Aligned to this, we find education equality between spouses to be positive towards female empowerment. Tackling school absenteeism through either directed incentives or intervention to support females, e.g., through targeting child support programmes, may enable policy makers to raise female decision-makers within the farming community.

Aligning with the widely held view that livelihood diversification is fundamental in alleviating rural poverty and food insecurity in developing countries (Douxchamps et al., 2016; Hammond et al., 2023), policies should focus on promoting off-farm opportunities among low off-farm income groups. The factors motivating households to engage in off-farm employment must be further explored, as they appear to differ, and both low and high off-farm income groups should be targeted with tailored interventions that increase their capacity to engage in high-return off-farm opportunities. Such interventions include education and entrepreneurial skills training, expanding rural infrastructure and developing rural town economies (Alobo Loison, 2015).

We have also offered recommendations to RHoMIS on the variables they choose which could expand this dimension of data collection. To fully understand the diversity in farming systems, a broader range of factors than currently in the RHoMIS need to be included, ideally capturing endowment of the different types of capital available to rural farm households. In addition, the dynamic nature of farming systems points to the need for regular resampling of households to update the typology and ensure it remains valid. Nevertheless, this study may represent a first step in improving understanding of farm heterogeneity and its implications for food security and intra-household decision-making dynamics.
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Footnotes

1   An example of a RHoMIS survey template is available here: https://www.rhomis.org/uploads/1/1/9/9/119962631/rhomis_1.6_for_demonstration.pdf.

2   Our p-value was computed by Monte Carlo simulation hence degrees of freedom is not applicable.
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Cluster 1 Cluster 2 Cluster 3

Distribution (%) 3416 55.28 1056 96.70 0.000

Sociodemographic characteristics

Head age (years) 43.25(11.29) 4584 (11.75) 47.26 (12.90) 440 0.111
Household size (number of persons) 6.22(2.33) 6.62(2.84) 6.15(2.90) 122 0544
Head education (%) 62643 0.000
No school 0.00 0.00 97.06
Primary 0.00 98.88 0.00
Secondary 9364 000 000
Tertiary 6.36 112 294
Resource endowment
Land cultivated (ha) 168 (192) 142(L18) 120 0.98) 122 0544
Livestock holding (TLU) 1,95 (1.98) 1.96 (2.56) 178 (1.65) 077 0681

Farm orientation

Offfarm income (0-1) 0.27 029" 021029 0.13(023)" 1108 0.004
Market orientation (0-1) 0.56 (0.23) 056 (0.25) 057 (0.28) 001 099
Livestock orientation (0-1) 0.28 (0.26) 031(0.27) 0.23(0.25) 238 0304
Crop diversity (count) 3.63(0.08) 371(0.78) 3.65(0.81) 145 0.485
Food security indicator

FIES Score (0-8) 213 (245) 293 (2.46) 376 (2.85) 2857 0.024

Female decision-making indicator
Female control (0-1) 0.54(027)* 0.64(031)* 074031 13.60 0.001

“<4Means with the same letter within each row are not significantly different at p<0.05 (post hoc Mann-Whitney U test). Means ar presented with standard deviation in brackets, with the
exception of head education where percentages are given. Means are used rather than medians to better illustrate differences between farm clusters.
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Cluster 1 Cluster 2 Cluster 3 Cluster 4 p-value

Distribution (%) 2599 2655 4011 7.34 3848 0.000
Sociodemographic characteristics
Head age (years) 46,61 (13.51) 43.66 (14.10) 42,35 (14.83) 40.92(11.97) 376 0289
Household size (number of persons) 5.15(2.05) 540 (208) 4.94(1.76) 438 (2.06) 362 0305
Head education (%) 355.00 0.000

No school 000 000 0.00 100.00

Primary 000 100.00 9859 0.00

Secondary 100.00 000 0.00 0.00

Tertiary 000 000 142 0.00
Resource endowment
Land cultivated (ha) 091 (0.54) 1.02(1.30) 0.82(0.58) 0.97(0.59) 222 0529
Livestock holding (TLU) 061 (1.04) 0.46 (0.74) 0,69 (1.54) 0.61(091) 069 0875
Farm orientation
OfFfarm income (0-1) 033 (0.30) 0.38 (032) 031(032) 0.19(031) 576 0.124
Market orientation (0-1) 048 (0.33) 038 (0.28) 047 (0.30) 0.51(0.23) 374 0291
Livestock orientation (0-1) 0.16(0.23) 0.16(0:22) 0.16(0:21) 0.17(026) 0.09 0994
Crop diversity (count) 137 (0.83) 277 098)" 1.00 (0.00) 138 (112) 127.06 0.000
Food security indicator
FIES score (0-8) 578 (2.71) 6.32(230) 6.04(2.70) 6.0 (296) 1639 0.894
Female decision-making indicator
Female control (0-1) 051(0.24) 0.61(030) 0.62(029) 0.38(0.26)" 1074 0013

“<4Means with the same lettr within each row are not significantly different at p<0.05 (post hoc Mann-Whitney U test). Means are presented with siandard deviation in brackets, with the
exception of head education where percentages are given. Means are used rather than medians to better illustrate differences between farm clusters.





OPS/images/cover.jpg
& frontiers | Frontiers in Sustainable Food Systems

Characterising diversity of rural
farm households in Eastern
Africa: implications for food

security and intra-household
decision-making












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
’ frontiers Frontiers in Sustainable Food Systems






OPS/images/fsufs-08-1397833-e005.jpg





OPS/images/fsufs-08-1397833-g001.jpg
ﬁ 0.75:
< Farm Type £ Farm Type
E v & .
€ H 2
i
2o s 2 5
@ @ 025
000
Cluster size (number of observations) Cluster size (number of observations)
(] D
I 100
078
Farm Type

Silhouette coefficient (Si)

000

Cluster size (number of observations) Cluster size (number of observations)





OPS/images/fsufs-08-1397833-e003.jpg





OPS/images/fsufs-08-1397833-e004.jpg





OPS/images/fsufs-08-1397833-t003.jpg
Clusterl  Cluster2 Cluster3  Cluster Cluster 5

Distribution (%) 28.14 1023 6.98 2000 3465 n7.37 0.000
Sociodemographic characteristics
Head age (years) 5037(13.56) | 4489(1288) | 6293(1325)%  4599(1322)  42.90(1222)" 5252 0.000
Household size (number of persons) 497 (230) 5.16(228) 450 (257) 4,67 (249) 436(202) 821 0.084
Head education (%) 1290.00 0,000

No school 0.00 0.00 10000 0.00 0.00

Primary 100.00 0.00 0.00 100.00 0.00

Secondary 0.00 0.00 0.00 000 10000

Tertiary 0.00 10000 0.00 0.00 0.00
Resource endowment
Land cultivated (ha) 085 (1.33) 110 (0.84) 0,90 (1.08) 092 (0.82) 105 (1.67) 721 0.125
Livestock holding (TLU) 1.85 (1.69) 2.13(1.80) 201 (191) 211 (2.18) 1.81(1.59) 103 0.905
Farm orientation
OfFfarm income (0-1) 0.13 (022 0.28 (030)" 0.17(0.28) 020 (0.26) 0.21(027) 1214 0016
Market orientation (0-1) 044 027" 051 (0.28) 0.4 (0.28) 0.58 (0.28)" 056 (030)" 17.45 0.002
Livestock orientation (0-1) 039 (0.34) 0.40 (033) 0.46 (036) 0.46 (0.39) 0.45 (038) 346 0.484
Crop diversity (count) 248 (070" 2.20 090 2.00 (0.98) 1.00 (0.00 1.99 (0.94) 175.68 0.000
Food security indicator
FIES Score (0-8) 425 (268) 166 (2.36) 400 (299) 417 (2:88) 3.15(286) 64.64 0.001
Female decision-making indicator
Female control (0-1) 057 (031)* 0.44 (024" 0.68(035)" 047 (0.37) 040 (0.29) 3875 0.000

“<4Means with the same lettr within each row are not significantly different at p<0.05 (post hoc Mann-Whitney U test). Means are presented with siandard deviation in brackets, with the
exception of head education where percentages are given. Means are used rather than medians to better illustrate differences between farm clusters.
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Characteristic Ethiopia Kenya Malawi

Sociodemographic characteristics

Head age (years) 39.50 (16.00)* 46,00 (22.00)* 40.00 (21.00)° 44.00 (14.00)" 4063 0.000
Household size (number of persons) 6,00 (3.00" 400 (3.00)" 500 (200" 6,00 (4.00)" 10499 0.000
Head education (%) 209.85 0.000

No school 3889 698 734 1025

Primary 4630 4814 66.10 5466

Secondary 1148 3465 2599 3199

Tertiary 333 1023 056 31

Resource endowment
Land cultivated (ha) 1.00 (1.50)* 0.60(0.80)" 0.80 (0.80) 1.20 (0.80) 11104 0.000
Livestock holding (TLU) 280 (297)* 148 (2.00)" 0.15 (069" 129 (1.85)" 259.27 0.000

Farm orientation

Offfarm income (0-1) 0.00 (0.00)" 0.00 (050" 020 (0.70)" 0.10 (020 n6.11 0.000
Market orientation (0-1) 0.58(052)* 053 (051)" 040 (052)" 058 (0.38)° 273 0.000
Livestock orientation (0-1) 0.08 (0.42)" 0.4 (0.78)* 0.07(0.22)" 0.2 (048)" 9271 0000
Crop diversity (count) 1.00(1.00)" 2,00 (100)* 1.00(1.00)" 4.00 (100" 538.18 0,000
Food security indicator

FIES score (0-8) 5.00 (3.00) 3.00 (6.75) 7.00 (3.00) 2,00 (4.00) 44953 0000

Female decision-making indicator
Female control (0-1) 0.50 (0.00)* 050 (038)° 0,50 (034) 0.56 (053)" 5633 0.000

“<4Means with the same lettr within each row are not significantly different at p<0.05 (post o Mann-Whitney U test). Medians are presented with inter-quartle range in brackets, with the
exception of head education where percentages are given.
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Resource endowi

Main farm orientation®

Ethiopia: cluster 2

Kenya: cluster 2

High resource

Kenya: custer 4
Malaw: cluster 4
Uganda: cluster 1
Ethiopia: cluster |
Ethiopia: cluster 4

Kenya: cluster 3

Kenya: cluster 5
Malaw: cluster 1
Malawi: cluster 3
Uganda: cluster 2
Ethiopia: cluster 3
Ethiopia: cluster 5
Low resource Kenya: cluster |
Malawi: cluster 2
Uganda: cluster 3
Represented by area of land cultivated (ha) and livestock holdings (TLU).

Market orientated, low off-farm
Semi-commercial, high off-farm
Market orientated, high off-farm
Semi-commercial, low off-farm
Market orientated, high off-farm
Market orientated, low off-farm
Semi-commercial, low off-farm
Subsistence orientated, low off-farm
Market orientated, high off-farm
Semi-commercial, high off-farm
Semi-commercial, high off-farm
Market orientated, high off-farm
Market orientated, low off-farm
Semi-commercial, low off-farm
Subsistence orientated, low off-farm
Subsistence orientated, high off-farm

Market orientated, low off-farm

Young, p

Middle-aged, tertiary educated
Middle-aged, primary educated
Middle-aged, no formal education
Middle-aged, secondary educated
Middle-aged, no formal education
Young, primary educated

Older, no formal education
Middle-aged, secondary educated
Middle-aged, secondary educated
Middle-aged, primary educated
Middle-aged, primary educated
Young, secondary educated

Older, no formal education

Older, primary educated
Middle-aged, primary educated

Middle-aged, no formal education

“Based on market orientation and proportion of income obtained from off-farm sources. For market orientation, subsistence orientated is defined as <0.45, semi-commercial is defined as
045-0.55, and market orientated is defined as >0.55. For off-farm income, low off-farm is defined as <0.20 and high off-farm s defined as >0.20.

‘Refers to the average age and educational attainment of the household head.
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