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Promoting smallholders’ sustainable development in Africa means addressing agronomic and economic factors but also highly relevant social influences shaping farmers’ production and affecting household well-being. Holistic, integrated analyses can help to meet this need, informing more effective policies and interventions for smallholder farming systems. The authors apply a transdisciplinary, quantitative approach to analyzing social impacts in the smallholder context, using milk-producing crop-livestock family farms in central Madagascar as a test case. First, stochastic frontier analysis is leveraged to confirm education as a social indicator linked to production efficiency. Then, linear regression is used for exploratory modeling of children’s educational outcomes. Findings from the Malagasy case emphasize the influence of rural infrastructure, parental education, chronic poverty, family planning, and crop-livestock diversification on children’s educational outcomes among one region’s farming households. Taken together, results suggest that Madagascar’s policymakers should consider comprehensive territorial planning for simultaneously promoting agricultural development and human well-being. This study illustrates how a transdisciplinary approach to social impacts analysis can integrate agronomic, economic, and social dynamics and help anticipate potential outcomes in support of smallholders’ sustainable development.
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1 Introduction

Sustainable development is a multidimensional construct integrating natural resource management, economic growth, and human well-being (Helne and Hirvilammi, 2015; Lior et al., 2018). Logically, promoting sustainable agri-food systems requires holistic attention to interdependent environmental, economic, and social dynamics (UNHLPE, 2016). This need for holism is critical when addressing smallholder agriculture in developing countries, where farmers face vulnerabilities and limitations that shape their decisions, impact their production outcomes, and affect their families’ well-being (Rapsomanikis, 2015; Gassner et al., 2019).

The smallholder context is characterized by unique and specific constraints. Chronic poverty, structural inequality, environmental risk, and agronomic diversity interact to delineate farmers’ food production and farming families’ daily lives and futures (Kamara et al., 2019). For most rural African smallholders1, there is no real separation between ‘family’ and ‘farm’ for two key reasons: family members are the primary source of farm labor, and farm-level decision-making is heavily influenced by family circumstances (FAO, 2018). Acknowledging this reality is essential to Africa’s successful agricultural development because environmental and financial considerations must be integrated with familial and social dynamics (Bosc et al., 2018). So, if agricultural production, economic growth, and household well-being are inextricably intertwined for African smallholders, then we are drawn into the web of social factors that influence their development (Archer et al., 2008; Bacon et al., 2012; Fan and Rue, 2020).

In recent decades, efforts toward Africa’s sustainable development have focused on smallholder farming with only modest successes (Wiggins, 2014; Myeki et al., 2022). Climate change continues to aggravate farmers’ vulnerability (Cohn et al., 2017; Pereira, 2017), while rates of poverty, food insecurity, poor health, and undereducation have stagnated among rural households (Beegle et al., 2016; FAO, 2020). Research and policy aimed at African smallholders have emphasized technical innovation, inputs-oriented intensification, and globalized value chains (Toenniessen et al., 2008; Wise, 2021; Bassett and Munro, 2022) but those ‘Green Revolution’ type, market-oriented interventions have often failed to achieve sustainable development outcomes (Reardon, 2015; Dawson et al., 2016; Clay and Zimmerer, 2020; Wise, 2020). Given the stagnant statistics mentioned above, those failures highlight the need for more comprehensive approaches addressing the interplay between farming households’ production and their persistent social realities (Ollenburger et al., 2019; Nyambo et al., 2022; Martiarena and Temudo, 2023).

Enhancing production, increasing incomes, and improving well-being demands research approaches that integrate environmental, agronomic, economic, and social factors (Macombe, 2016; Ngetich et al., 2022). Agricultural research for development (AR4D) engages actors from across sectors to generate new technologies, build capacity, and improve policies for developing countries (FARA, 2018; IFAD, 2024). AR4D connects agricultural research activities with rural development aims to help fight poverty and hunger, promote resilience, and create better livelihoods (EC DGR, 2007). While AR4D has given attention to socio-ecological systems’ embedded interactions (Douthwaite et al., 2017), social influences are still far more often identified than quantified (Dent et al., 1995). Admittedly, measuring and modeling social impacts are, without doubt, challenging for researchers (Clift, 2003; Janker et al., 2019; Janker and Mann, 2020). New transdisciplinary approaches that holistically combine concepts, methodologies, and data across disciplines are essential for exploring social impacts and anticipating social outcomes that contribute to – or inhibit – smallholders’ sustainable development (Nelson and Coe, 2014; Froebrich et al., 2020; Manjula and Rengalakshmi, 2021).

What’s missing from the AR4D toolbox are techniques that link agronomic and economic methods and evidence to quantitative analyses of smallholders’ social realities. Life Cycle Thinking (LCT) offers a strong conceptual link to sustainable development (Pombo et al., 2019) that can help AR4D to fill this gap. LCT applies a systems-based lens that encompasses all facets of a product’s life cycle from inputs to outputs and impacts, acknowledging that changes in one part of the system are likely to affect the other parts (UNEP, 2004; Sherli and Kani, 2018). LCT’s holistic framework mirrors that of sustainable development by addressing production’s environmental, economic, and social elements (Ren and Toniolo, 2020). LCT tools, known as Life Cycle Assessments (LCA), operationalize comprehensive analyses that can support interventions’ design and improve related policymaking (Pennington et al., 2007; Sonnemann et al., 2018; Sala, 2019; García-Herrero et al., 2022). Social Life Cycle Assessment (S-LCA) is one LCT tool that can help AR4D conduct social impacts analysis (SIA) in smallholder-focused sustainability research (Petti et al., 2018; Venkatesh, 2019; Huertas-Valdivia et al., 2020).

S-LCA leverages qualitative and quantitative methods from sociology, engineering, and economics (UNEP, 2020). It examines the three causal dimensions of social effects and impacts – behaviors, socio-economic dynamics, and capitals – in the production of goods or services (UNEP, 2009). Rooted in social ecology’s view of the inherent relationship between society and the environment (Catton and Dunlap, 1978), S-LCA evolved amidst debate among engineers and social scientists around theories of ecological modernization and sustainability (Jänicke, 1985; Mol and Spaargaren, 2000). Contemporary thinking acknowledges S-LCA as a socio-political intervention that seeks to provoke social change (Sakellariou, 2016; Hobson and Lynch, 2018). It directs attention to structural inequalities, power relations among market actors, and concrete socio-economic issues embedded in production systems (Macombe, 2016). This theoretical foundation makes S-LCA appropriate for the African smallholder context, so often characterized by poverty, inequality, and uneven development.

Agri-food systems’ social dimensions are frequently under-addressed, and agri-food applications of S-LCA remain limited (Tragnone et al., 2022; Arcese et al., 2023). More recent case studies tend to focus on qualitative social performance in agri-food systems (Chen and Holden, 2017; Muthu, 2018; Frank et al., 2020; Zira et al., 2020; Aranda et al., 2021; Brenes-Peralta et al., 2021), and rarely do they focus on smallholders (Marting Vidaurre et al., 2020; Mulyasari et al., 2023; Rahmah et al., 2023). In fact, the S-LCA guidelines only incorporated smallholders as vulnerable stakeholders in 2020 (UNEP, 2020; Arcese et al., 2023). There are few examples of consequential S-LCA in agri-food systems (Feschet et al., 2013; Iofrida et al., 2019; Wei et al., 2022), where social impact pathways are quantitatively explored using causal or correlational analysis (UNEP, 2020). Consequential LCA (2024) could support smallholders’ sustainable development because it models social impacts and outcomes, generating quantitative evidence to inform social policy decision-making (Head, 2010; Mayne et al., 2018; Munda et al., 2020).

S-LCA is increasingly used as the social component of sustainability assessments, alongside Environmental Life Cycle Assessment and Economic Life Cycle Costing (Fauzi et al., 2019). However, as the youngest framework under the LCT umbrella, S-LCA is still evolving as a methodology (Pollok et al., 2021), and this presents challenges to the tool’s more widespread use (Iofrida et al., 2018; Huarachi et al., 2020). Inadequate global and national datasets are an obstacle, and there is not yet consensus on impact categories or appropriate social indicators, nor a standardized approach to the impacts analysis stage (Huertas-Valdivia et al., 2020; Larsen et al., 2022). So, despite its potential, the methodology’s immaturity impedes its standalone use, particularly for African smallholder contexts where no case studies exist yet. However, transdisciplinary approaches to AR4D can borrow methodologically from S-LCA when designing comprehensive, context-adapted social impact analyses that support smallholders’ sustainable development (Andersson and Giller, 2019).

Focusing on central Madagascar, this study applies an integrated, two-phased approach to transdisciplinary SIA. It builds from existing agronomic evidence supporting smallholders’ diversified crop-livestock production, as well as from economic analyses demonstrating unmet demand for fresh milk. In the first phase of analysis, stochastic frontier analysis (SFA) with inefficiency effects (Battese and Coelli, 1992, 1995) is applied to validate a relevant social indicator related to milk production in the regional sample. Then in the second phase, linear regression is used for exploratory modeling of educational outcomes for children among the sample’s households. The study’s findings inform rural development policy and planning for the region.



2 Context: Madagascar

Madagascar’s small-scale family farms are at the center of this study. Located in the Indian Ocean along the southeastern coast of Africa, Madagascar is an island state and former French colony with an estimated population of 28 million in 2019 (UNDESA). More than 70% of Madagascar’s land mass is arable (IFAD, 2020) and 83% of all Malagasy households are agricultural (INSTAT, 2020). Small-scale family farming predominates throughout the country, with national statistics placing 70% of agricultural production on <1.5Ha (INSTAT, 2011). Mixed crop-livestock diversification is the production norm (INSTAT, 2020). Developmentally, Madagascar’s progress has been repeatedly derailed by multiple post-independence political and economic crises, public health emergencies, and severe natural disasters (The African Development Bank Group (AfDBG), 2017). More than 80% of Malagasy people live below the international poverty line (World Bank, 2022a) and over half live in extreme poverty (IMF, 2017). Food insecurity, communicable disease, and low educational attainment are persistent challenges to development. Madagascar is ranked third highest in the world for child undernourishment (von Grebmer et al., 2021), and fewer than one-sixth of Malagasy children complete secondary school (INSTAT, 2018). Concerningly, Madagascar was recently labeled as one of the most disaster-prone countries in the world (UNOCHA, 2022), underscoring its vulnerability.

This study focuses on the highlands region of Vakinankaratra, located in central Madagascar (see Figure 1). One of the country’s main agricultural zones, Vakinankaratra has a temperate subtropical climate favorable to fruit trees, market vegetables, and staple cereals. Mixed crop-livestock production on family farms is the widespread norm. Extensive livestock grazing is commonly practiced, and dairy production is both climatically and economically viable (Naudin et al., 2019; Sourisseau et al., 2019). In fact, Vakinankarata is part of Madagascar’s “dairy triangle” where regional milk production once boomed, reaching volumes of over 40 million liters per year from some 13,000 producers until political crises crashed the sector in 2009 (Penot et al., 2016). More recently, there has been renewed growth in the Malagasy dairy industry, reflected in its inclusion in Madagascar’s 2017 National Development Strategy and the 2018 launch of the Africa-Milk program (CIRAD, 2019).
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FIGURE 1
 Map of Madagascar highlighting the central highlands region of Vakinankaratra (adapted from Sadalmelik (2008); CC A-SA 4.0).


For more than 30 years, an international AR4D consortium2 in Vakinankaratra has promoted and evidenced sustainable food system transformation for the region’s smallholder family farms. Agronomic research activities within the consortium support improved agroecological practices in Vakinankaratra’s ubiquitous crop-livestock farming systems (Andrianantoandro and Bélières, 2015; Côte et al., 2019), particularly around optimizing nutrient recycling via livestock manure management (Vall, 2020; Fanjaniaina et al., 2022). The consortium’s recent World Bank-funded value chains analyses also established domestic demand for fresh milk not yet met by farmers in the “dairy triangle,” while milk powder is being imported by Madagascar’s commercial dairies (Chatellier, 2019; Bélières and Lançon, 2020). There is a strategic developmental opportunity to support farmers’ intensified milk production in Vakinankaratra, leveraging their diversification to potentially increase incomes, improve household well-being, and augment manure resources for on-farm use (Sourisseau et al., 2019). However, family farms’ sustainable development is not assured by inputs and technical innovation alone. Without integrating SIA alongside the consortium’s agronomic and economic results, the social realities acting on farmers’ production and influencing their developmental outcomes could jeopardize the success of interventions.

From 2012 to 2022, the AR4D consortium engaged in participatory dialogues with a range of regional stakeholders, including: farmers, their spouses, and other adult members of farming households; actors from the public, private, and NGO sectors; national research institutions and international research partners. Those dialogues, which were captured by the consortiums’ various project reports, identified multiple areas of social concern3 relevant to farm-level production and household well-being. Under-education was highlighted in multiple stakeholder dialogues, which is no surprise since nearly two-thirds of Malagasy youth have not completed primary education and approximately one in five young people in Madagascar have no formal schooling at all. These figures skew even higher when poverty and rurality are taken into account (Education Policy and Data Center (EPDC), 2018; UNICEF, 2019a).

The authors reviewed the dataset and confirmed data availability for household members’ educational attainment (whereas there was no data available for many other social concerns mentioned in stakeholder dialogues) so this variable was considered for analysis. Education is widely acknowledged as a social contributor to farming households’ well-being and sustainable development (Schaafsma and Gross-Camp, 2021). It affects farmers’ decision-making and adoption of technical innovation (Fadeyi et al., 2022) and in Madagascar, research has linked higher educational outcomes with improved rural livelihoods and agricultural diversification (Neudert et al., 2015; UNICEF, 2019b). There are strong links between education and food security for rural populations (De Muro and Burchi, 2007), and education is also an evidenced indicator of intergenerational mobility4 and poverty alleviation in Africa’s developing countries (Alesina et al., 2021; Ouedraogo and Syrichas, 2021). Significant relationships have been established between African parents’ educational backgrounds and their children’s educational outcomes (Azomahou and Yitbarek, 2021; Razzu and Wambile, 2022), and research has also investigated the correlation between on-farm labor and children’s educational outcomes in African agriculture (Nkamelu and Kielland, 2006; Moyi, 2011; Asenso-Okyere et al., 2013). So, highlighted by regional stakeholders’ input and supported by the literature, education was deemed to be both relevant and context-appropriate for the study’s analyses.



3 Methods


3.1 Research design

As illustrated by Figure 2, the study’s research design mirrors the four steps of S-LCA: goal and scope definition, inventory, social impact assessment, and interpretation (UNEP, 2009, 2020). The study’s goal was to apply a context-adapted, transdisciplinary approach to SIA. Detailed, reliable technical and socio-economic data are rare in the region (indeed, in the entire country) so it was necessary to set the study’s scope considering analytical criteria that were relevant to the regional context and for which data were available. Given only farm- and household-level data availability, the study’s scope was set ‘from farm gate to farm gate’, focusing on farm-level inputs and outputs. Figure 3 illustrates how a typical crop-livestock family farm is embedded in the regional milk value chain. A range of inputs contribute to milk production and other farm outputs, although the data inventory revealed that some inputs depicted were not available for analysis (e.g., electricity, milk hygiene, land quality, volumes of purchased inputs, family health) while others were not correlated with outcome variables in this study’s analyses.

[image: Figure 2]

FIGURE 2
 Diagram of the study’s context-adapted approach to social impacts analysis for smallholders’ sustainable development (adapted from UNEP, 2020).
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FIGURE 3
 Diagram of the milk value chain in Vakinankaratra, Madagascar with this study’s ‘from farm gate to farm gate’ boundary delineated by the dashed line.


LCA tools typically define a functional unit of analysis in a given production system (Consequential LCA, 2024), so one liter of fresh milk was the agricultural product selected as the functional unit for Phase I’s SFA. It should be noted that SFA was used for two distinct reasons. First, the authors acknowledged the developmental opportunity identified by the AR4D consortium to intensify farmers’ milk production. There was a desire to produce evidence supporting that aim, and SFA is a commonly applied econometric technique for unpacking agricultural productivity (Hadley, 2006; Okoye et al., 2016; Conradie and Genis, 2020). SFA can help researchers and policymakers identify and quantify factors influencing farm-level efficiency. There are no existing productivity analyses of milk production in Madagascar, so it was a strategic choice to use SFA to augment the AR4D consortium’s evidence base.

Pertinent to this study, the second reason for using SFA in Phase I was simply to confirm whether education is related to milk production among the sample’s farming households. The authors had already justified the choice of education as a viable social impact variable based on stakeholders’ input and evidence in the literature. The SFA was leveraged to further validate that choice, highlighting that econometric techniques can provide additional justification for such choices when triangulated with participatory methods and existing evidence. Full results of the SFA (Thom and Conradie, 2024) are not presented in this manuscript because they focus on technical efficiency and are not integrated in Phase II’s SIA of children’s educational outcomes.



3.2 Data, sample selection, and variables for analysis


3.2.1 Data collection

The cross-sectional dataset originated from two comprehensive farm-level surveys conducted by the international AR4D consortium, which is anchored by Malagasy and French partner institutions. The first survey was conducted in late 2018 using a random sample of N = 405 representative farms from across Vakinankaratra. It aimed to typologize farms and improve interventions by analyzing the diversity of mixed crop-livestock farming systems, farmers’ management strategies, and the agroecological techniques in practice. In early 2019, the second survey was conducted and employed a randomly selected sample of N = 602 farms representing the same region. Intending to guide agricultural development policy and investment, the second survey sought to characterize milk producing farms in terms of socio-economic and technical production factors and activities. There was no duplication of individual farms in the two surveys.

Sampling for both surveys took place in two stages. The first stage was based on reasoned choice informed by a group of regional resource specialists and researchers who identified a relevant selection of districts5 and communes representative of Vakinankaratra’s agricultural diversity. Then, in two or three fokontany from each commune, farm households were drawn at random from electoral lists in the presence of administrative authorities. Questionnaires were designed with closed quantitative, qualitative, and open-ended questions and then pilot tested. Surveys were administered by trained interviewers in French and/or Malagasy (as appropriate). Data from both surveys were captured into customized Access databases, which were then audited and validated. Even though each survey had a different focus (i.e., agroecological practices in the first survey and milk production factors in the second), many of the same variables were captured since the instruments were designed by the same research team. Common variables from both surveys were identified and consolidated into a combined dataset (N = 699 farming households). All subsequent statistical analyses were conducted in Stata/SE version 16.1.

Finally, two post-analysis focus groups were conducted to solicit farmers’ own interpretations of the study’s quantitative results. Crop-livestock milk producers were invited from the Vakinankaratra region with the AR4D consortium’s assistance. Participating farmers were offered reimbursement for their transport, as well as lunch. A facilitation script was developed in English by the first author, then translated into French and Malagasy by a local researcher recommended by the AR4D consortium due to her deep familiarity with the regional production context and her fluency in English, French, and Malagasy languages. Focus groups were held on separate days, in two different villages. A total of 52 farmers (both male and female) attended. Focus groups were facilitated in Malagasy by the aforementioned local researcher, who provided real-time translation for the first author’s dialogue with the farmers throughout both interactions. Each focus group was also audio recorded for later reference. The local researcher drafted detailed synopses of the farmers’ qualitative responses to each query in the script, as well as summarized the topics and key points that emerged in dialogues. The authors analyzed the focus groups’ output using a straightforward constant comparison approach (Tumen Akyildiz and Ahmed, 2021) to connect the study’s quantitative results with farmers’ own experiential interpretations thereof.



3.2.2 Sample selection for statistical analyses

The overall sampling objective was to represent farming households by integrating the agricultural production unit and the family. The simple underlying logic is that 83% of all Malagasy households are agricultural households (INSTAT, 2020) so in Madagascar’s current developmental context, improving agricultural productivity effectively means improving living conditions and well-being for most households.

Sample selection for Phase I SFA used three selection criteria6: (1) cases that were randomly sampled, (2) mixed crop-livestock farming households in the Vakinankaratra region, and (3) farms with milking cows and/or selling milk. The resulting sub-sample of n = 147 farms includes two cases that do not own a cow but keep one in metayage, meaning they manage milk production (i.e., shelter, feed, water, and maintain animal health at their own expense) in exchange for the cow’s milk and sometimes its calves. Both cases were kept in the sub-sample because they represent a cultural production practice that is not uncommon in the region. The sub-sample also contains two outliers at the very high end of the regional milk production spectrum. Those cases were also retained because their production process does not differ in practice from the rest of the sample, and they represent a volume of production that was common in prior decades when a former President’s dairy in the region once thrived.

For the SIA in Phase II, the sub-sample above was then used to select all children in those households from ages 5–17 in alignment with the Malagasy educational system’s ages of attendance for primary to upper secondary school. The sub-sample was then further defined by the child’s relationship to the head of household, where cases were retained for that individual’s children, nieces or nephews, grandchildren, stepchildren, or entrusted children. These selection criteria produced a sub-sample of n = 248 children from 111 farming households in Vakinankaratra.



3.2.3 Dependent and predictor variables for Phase I

The outcome variable for Phase I’s SFA is liters of milk produced, captured in surveys as the total volume of milk produced on-farm in the prior year. Explanatory variables for analyzing dairy productivity with SFA typically include: farmer characteristics such as age, education, and years of experience; cow herd size and breed type; measures of labor; inputs such as feed and veterinary costs; climate data; water availability; access to markets, credit, and extension services; and household size (Masuku and Sihlongonyane, 2015; Masunda and Chiweshe, 2015; Nakanwagi and Hyuha, 2015; Hassan et al., 2018; Girma, 2019; Bahta et al., 2021). Unfortunately, the available dataset did not include climate data on temperature or rainfall, nor variables reflecting water availability or extension services, but other variables mentioned were available for testing in the frontier and the inefficiency model.



3.2.4 Dependent and predictor variables for Phase II

The first outcome variable ONPAR is a measure of children’s actual educational attainment in relation to their intended educational attainment at a given age, according to the Malagasy school system’s structure7. It was informed by the literature on ‘learning poverty’ in Africa, which describes how African children are falling far behind their international peers in terms of overall educational attainment and functional learning outcomes as they age (Agbor, 2012; Azevedo, 2020; World Bank, 2022b). Taking UNESCO’s approach to educational completion rates as a guide (UNESCO Institute of Statistics, 2024), the ONPAR index was coded as: 0 = no schooling, 1 = ≥3 years behind, 2 = on par with age or < 3 years behind. Categorization was initially validated by results of one-way analyses of variance (ANOVA) then refined through goodness-of-fit tests during modeling.

The second outcome variable EDUC_CLASS reflects children’s overall educational attainment categorized by level of schooling, where: 0 = no education, 1 = primary school, 2 = lower secondary school, 3 = upper secondary school.

The predictor variables used in the SIA were either continuous or categorical measures of: children’s age, gender, school status and on-farm agricultural activities; parents’ educational attainment; household size, distance to market and road access; farms’ total number of taxonomic animal and/or crop types produced; total value of household assets as proxy for household wealth/poverty.

Selection of predictor variables for each model started with those most highly correlated with the respective outcome variable. The Spearman’s rank correlation was chosen over Pearson where tests for normality indicated that continuous variables were normally distributed. Predictor variables for each model were selected one at a time, based on evaluation of model fit after each variable’s addition.

Descriptive statistics and definitions of predictor variables modeled with ONPAR and EDUC_CLASS can be seen in Tables 1, 2.



TABLE 1 Descriptive statistics and definitions of continuous predictor variables modeled with outcome variables ONPAR and EDUC_CLASS.
[image: Table1]



TABLE 2 Descriptive statistics and definitions of categorical predictor variables modeled with outcome variables ONPAR and EDUC_CLASS.
[image: Table2]




3.3 Statistical analysis


3.3.1 Phase I stochastic frontier approach

As discussed previously, SFA was used in Phase I to validate the choice of education as a variable relevant to production among the sample’s farming households. Stochastic frontier methods are commonly used econometric techniques for analyzing farm enterprise productivity (Hadley, 2006; Okoye et al., 2016; Conradie and Genis, 2020). They are particularly useful for agricultural contexts because they incorporate random errors to deal with the ‘noise’ of unpredictable externalities, like weather and economic shocks, and they can also cope with measurement errors (Coelli et al., 1998; Nguyen et al., 2021).

A stochastic production function with inefficiency effects first defines a ‘frontier’ of optimal production efficiency given a set of inputs (Aigner et al., 1977; Meeusen and van den Broeck, 1977; Battese and Coelli, 1992). It then identifies farm and farmer characteristics that explain inefficiency in terms of distance from the frontier (Battese and Coelli, 1995; Kumbhakar and Wang, 2010). A Cobb–Douglas production function and inefficiency model were specified in Stata/SE 16.1 using the frontier routine. As each variable was fitted, first for the production function and then for the inefficiency model, likelihood ratio (LR) tests were conducted to check goodness-of-fit using nested specifications. Lastly, predicted efficiency scores were generated for the sample using the inefficiency model. Statistics were considered significant at p ≤ 0.05.



3.3.2 Phase II regression modeling

In Phase II, regression modeling was used for exploratory SIA due to the cross-sectional nature of the dataset. Typically, measuring impacts necessitates multiple panels of data, and a second round of data collection was initially planned for the case study. However, the global pandemic impeded field travel, so analyses were limited to the single panel of data available. For this reason, impacts analyses presented in this paper are exploratory and anticipatory, rather than predictive.

A multinomial logistic regression (MLR) model was employed for statistical analyses of ONPAR using the mlogit command in Stata. MLR uses predictor variables in a regression equation to predict multiple levels of a dependent nominal variable with more than two outcome categories. While levels 1 and 2 of ONPAR have an ordinal character, MLR was chosen over an ordinal logistic regression (OLR) because in first-iteration analyses using an ordinal approach, the assumption of proportional odds was consistently violated. For MLR, the following additional assumptions must be met: independence of irrelevant alternatives; no influential outlying cases; independence of observations; no multicollinearity; and non-normally distributed variables. Multicollinearity was excluded by examining the variables’ VIF statistics, and dependence among some cases (due to the familial household nature of the dataset) was addressed using clustering in the model.

Nine observations were dropped in the MLR modeling due to missing data for fathers’ and/or mothers’ education. Outliers were explored post-estimation using Stata’s leastlikely command, which produces a list of cases with the lowest predicted probabilities of the outcome observed; five cases were considered outliers. The model was run without them to explore their potential influence, and doing so substantially improved model fit, increasing the log likelihood (LLH) by 10% and reducing Akaike’s information criteria (AIC) and Bayesian information criteria (BIC) by 8 and 6%, respectively. Therefore, the fitted MLR model excludes those cases.

Given that the outcome variable EDUC_CLASS is categorical and ranked, an OLR was utilized for its analyses using the ologit command in Stata. OLR uses predictor variables in a regression equation to predict multiple levels of a dependent ordered variable with three or more outcome levels. OLR presents similar assumptions to MLR but imposes the proportional odds assumption instead of the IIA assumption. As with the MLR analyses of ONPAR, multicollinearity was excluded using VIF statistics and independence was addressed through clustering. The gologit2 (Williams, 2006) command was employed in Stata to fit a partial proportional odds (PPO) model that met the proportional odds assumption.

Nine cases were dropped in OLR modeling due to missing data for some fathers’ education. In post-estimation, outliers were explored using the Pearson residuals predicted in binary logits using dummy outcome variables created for each level of EDUC_CLASS. Only two cases were considered as potentially influential outliers but removing them did not substantially change the model’s behavior or fit, so they were retained in the sample.

The process for fitting each model began with examination of the correlations between the respective outcome variable and the predictor variables. The Spearman’s rank correlation was chosen over Pearson because tests for normality indicated that none of the continuous variables were normally distributed. Each model was constructed one variable at a time, beginning with the most significantly correlated predictor variables and evaluating model fit after each variable’s addition through examination of:

• The LLH value and the Wald Chi-square statistic (Fox, 1997);

• McFadden’s r-squared value (McFadden, 1974); and

• AIC and BIC (Kuha, 2004).

For the MLR model, the Hausman test was applied to ensure the assumption of IIA was met (Hausman, 1978), and the Hosmer-Lemeshow test was also used for evaluating goodness-of-fit (Hosmer and Lemeshow, 1980). The OLR PPO model fit was examined using likelihood ratio tests (Peterson and Harrell 1990) comparing it with a more restrictive version of the OLR, as well as with the MLR version of the model. The Brant test was also applied to the OLR model to check that the proportional odds assumption was not violated (Brant, 1990).

Results from the MLR and OLR models are reported with a 95% confidence interval, and statistics were considered significant at p ≤ 0.10. The complexity of both models means that results can be challenging to interpret using coefficients and ratios alone, so marginal effects are presented to aid interpretation (Williams, 2012; Agresti and Tarantola, 2018).





4 Results


4.1 Validating education for social impact analysis

Results from the SFA (Thom and Conradie, 2024) confirmed that education is relevant to milk production among the sample’s crop-livestock farms. The sample was broken into terciles by the model’s predicted efficiency levels, and differences between the least and most efficient groups were explored. Farmer education differed significantly between those groups. The labor contribution of adolescents aged 12–14 also differed significantly between the least and most efficient farms, with the former using more than twice the adolescent labor as the latter. It is logical that adolescent children on the least efficient farms could experience poorer educational outcomes due to those families’ higher dependence on their labor. Both insights gleaned from the SFA confirmed that education is relevant to this production context.



4.2 Modeling educational outcomes on par with age

Interpreting MLR results requires examination of each outcome category’s predictors relative to the model’s base reference category, which is expected to change by its respective parameter estimates. The base reference category for the MLR results is ONPAR = 2, which reflects children who are educationally on par with their age or ≤ 2 years behind in schooling. Therefore, estimates and risk ratios for outcome categories 0 and 1 are interpreted relative to outcome category 2. It should be noted that the focus of interpretation here is on outcome ONPAR = 1, where children are more than 3 years behind in schooling. Results for ONPAR = 0, where children have no schooling, are not discussed.

The statistics and significant average marginal effects presented in Tables 3, 4 best illustrate the MLR model’s complex results. Girls are 10.0% less likely to be >3 years behind than boys and 13.9% more likely to be on par. Children’s increasing age makes it much more likely that they will fall behind (31.0% for adolescents and 45.8% for teenagers). Having fewer on-farm responsibilities in addition to school attendance means that those children are 10.5% more likely to be on par than their peers with additional on-farm tasks to perform. Raising more types of livestock means that children are 5.2% less likely to fall behind, while producing more crop types means they are 6.3% less likely to be on par. Having a more educated father makes a child 10.7% more likely to be educationally on par, while being part of a very large family living farthest from town makes a child 18.8 and 15.2%, respectively, more likely to fall behind. Finally, children from the poorest households are 21.7% less likely to achieve schooling on par with their age.



TABLE 3 Results of multinomial logistic regression (MLR) of outcome variable ONPAR (base outcome = 2).
[image: Table3]



TABLE 4 Summary of average marginal effects (n = 231) for MLR of outcomes ONPAR 0, 1 and 2.
[image: Table4]



4.3 Modeling overall educational attainment

When interpreting the results of OLR, the parameter estimates represent the change in the outcome category relative to the next level of the outcome variable. For this model, the base outcome EDUC_CLASS = 3 represents children who have attained (some or all) upper secondary school education. Estimates and odds ratios for outcome categories 0, 1 and 2 are interpreted relative to the subsequent outcome category. Just as in the MLR results presented above, it should be noted that the focus of interpretation here is on outcome categories EDUC_CLASS = 1 and = 2 and = 3, where children have obtained (some or all) primary, lower secondary or upper secondary school education. Results for EDUC_CLASS = 0, where children have no schooling, are not discussed.

The statistics and significant average marginal effects presented in Tables 5, 6 show that girls are 3.9% more likely than boys to attain lower secondary schooling. As children age, it is logical that they are more likely to attain schooling overall, but the AMEs reveal that this occurs at a decreasing rate: 4.7% for lower secondary but only 2.8% for upper secondary. The more educated a father, his child is 1.4% more likely to reach upper secondary school. The larger a child’s household size, the less likely it is that that child will advance in schooling (1.4% less likely for lower secondary and 0.9% less likely for upper secondary). Partial road access to the home makes children 2.4% more likely to reach upper secondary school, and a family farm tending more types of livestock makes children 10.0% less likely to attain primary school but 12.0% more likely to reach lower secondary. Those children in the poorest asset class are 7.5% less likely to attain lower secondary schooling and 4.1% less likely to reach upper secondary school.



TABLE 5 Results of ordered logistic regression (OLR) of outcome variable EDUC_CLASS (base outcome = 3).
[image: Table5]



TABLE 6 Summary of average marginal effects (n = 239) of outcomes EDUC_CLASS 0, 1, 2 and 3.
[image: Table6]




5 Discussion


5.1 Children’s gender, parents’ education, and intergenerational mobility on family farms

Modeling revealed that girl children in the sample are more likely to be educationally on par and have better overall educational attainment, at least until lower secondary level. This suggests that perhaps boys bear the burden of a gender-based division of on-farm tasks that is more time- and labor-intensive and which keeps them out of school more often than their female peers, especially as they get older. This assumption was confirmed in post-analysis focus groups with farmers and aligns with research on agricultural child labor that confirms boys work harder than girls, in productivity terms, when performing on-farm tasks (Bandara et al., 2015; André et al., 2021). Among these farming households, boys suffer more of the educational consequences of farm labor than girls. However, the available data did not include a labor measure for girls’ domestic chores, which would surely compete with boys’ added workload and influence results if included in modeling. Farmers also commented in focus groups that boys are more likely to choose to stop schooling early to pursue wage employment, whereas girls will more often stay in school if they are allowed to do so. Those personal choice dynamics could also influence results if they could be rigorously measured for analysis.

Results also confirmed that, generally speaking, the more educated the parents, the better their children’s educational outcomes. In this sample, the more educated the father, the more likely it is that his child(ren) will continue to secondary school and stay educationally on par with their age. These results accord with the literature evidencing parental education’s positive influence on intergenerational mobility. They emphasize the importance of educating today’s children so the next generation – and perhaps their farms’ future production – can benefit from this influential relationship (Neudert et al., 2015).



5.2 Family size, poverty, and access to public services and infrastructure

The number of family members in a given household matters for children’s educational outcomes. Children from households with less than seven members are better positioned for on par educational attainment. In post-analysis focus groups, farmers expressed concerns about the difficulty of educating multiple children. Families with more children tend to remove the older ones from school so the younger ones can at least learn to read, write, and do basic math. Albeit practical in the face of limited resources, this strategy promotes a persistent cycle of undereducation to the detriment of intergenerational mobility. Farmers affirmed that family planning services offered in the Malagasy public health system could support having smaller families, but they voiced frustration that those services are too expensive. Despite farmers’ expressed willingness to use them, family planning services can only be accessed when there is ‘extra’ cash available. This is a clear constraint to moderating family size. The lack of affordable or no-cost family planning services in the Malagasy public health system therefore contributes to poor educational outcomes among children in the region’s farming households. This finding is supported by literature on social returns to family planning services in low-income countries (Joshi and Schultz, 2007; Haile and Haile, 2011; Canning and Schultz, 2012; Wouterse and Badiane, 2019).

Children who live fewer than seven kilometers from market/town, with at least partial road access during the dry season, go further in their schooling and are less likely to fall behind, which emphasizes the social relevance of good rural road infrastructure for reasons beyond industry and transport (Banjo et al., 2012; Hine et al., 2016). Severe poverty is a major problem for the bottom quartile of family farms, negatively impacting both agricultural production and children’s educational outcomes. This consistent finding reminds us that policies and interventions must continue to address chronic poverty among smallholders, considering this population’s needs differently from their better-off counterparts, if improved agricultural productivity and sustainable development outcomes like household well-being are to be achieved (Jayne et al., 2010).



5.3 Crop-livestock diversification and children’s education

Finally, the case study’s findings about the influence of multiple types of crop and livestock production are of particular interest. Analyses initially explored children’s educational outcomes in relation to volume of milk produced but found no significant relationship. However, analyses did reveal significant relationships between children’s education and the respective degrees of crop and livestock diversification on family farms. Producing more types of crops means that children are more likely to fall behind in school. This is likely due to the necessity of additional labor during multiple plantings and harvests throughout the year. Families must pull children out of school to help meet this need, which may be spread over days or weeks depending on the crop type(s), and lower-skill crop tasks are more often performed by younger children. Conversely, raising more types of livestock helps children stay on par with schooling and increases the likelihood that they will attain at least a lower secondary school level of education. Perhaps tending livestock is a task more often allocated to older household members and/or the volume of labor is more easily confined to pre- and post-school day timeframes. These assumptions were all validated by farmers in post-analysis workshops.

Findings suggest that children’s educational outcomes among Vakinankaratra’s family farms could benefit from a more limited amount of crop diversification but more intensified production of a wider range of livestock taxa. This is noteworthy because crop-livestock diversification is ubiquitous throughout the region and is actively promoted by AR4D to enhance resilience and buffer risk in smallholder farming systems. However, if a crop-heavy diversification mix on family farms contributes to undereducation among children, there may be ripple effects that harm intergenerational mobility and maintain the cycle of poverty. Further analyses to model different crop-livestock diversification mixes at farm-level could prove useful for guiding future AR4D and technical extension, particularly if the diversification variables were refined through evidence-based weighting.

The preceding discussion highlights how children’s educational outcomes are influenced by family farms’ resource limitations, as well as by how those limited resources are allocated. These findings underscore how, in a family farming context, the line between ‘family’ and ‘farm’ is often nonexistent. Decisions around household well-being and agricultural production are intimately interrelated and cannot be considered in isolation. So addressing the farm means addressing the family – and vice versa.

To support the duals aims of intensifying production while protecting children’s educational well-being among the region’s family farms, policy packages should take a holistic view of the production context. Given the study’s findings, Madagascar’s policymakers would do well to consider a territorial approach to family farms’ sustainable development in Vakinankaratra (Bélières et al., 2016). For example, simultaneous investment in rural infrastructusre, such as roadways and electricity, and public health services like family planning could be leveraged alongside existing agricultural interventions addressing access to markets and technical extension for the region’s smallholders. Such comprehensive policy packages are more likely to effectively promote sustainable development outcomes in family farming contexts.



5.4 Limitations

The study was limited by a lack of multiple survey panels for social impacts measurement, so modeling was exploratory rather than predictive. Future applications of this study’s approach would benefit from two or more panels of survey data for predictive impacts modeling. Additional data collection on processes and stakeholders external to the farm would also allow for the scope of the SIA to be expanded. The study’s scope was limited by data availability at farm level only, which meant that broadly analyzing social impacts across the entire regional milk production system was not possible. Relatedly, the choice of social impact indicator was limited to existing variables in the survey data. The authors’ acknowledge that education is not a novel social impact indicator, per se, but pursuing other social concerns flagged by stakeholders (e.g., food security, health outcomes, banditry) was inhibited by the lack of related variables in the dataset and the inability to undertake field travel for supplemental data collection. The dataset also lacked other variables that could have been relevant to this SIA of children’s education (e.g., detailed labor allocations across production activities, measures of domestic workload). Finally, the analysis did not encompass cultural considerations or power dynamics in household decision-making, which would have strengthened the findings.




6 Conclusion

Promoting sustainable development for African smallholders demands a holistic approach that addresses social factors influencing farmers’ production. Transdisciplinary methods can help AR4D fill this gap in the research. Integrated SIA facilitates exploration of the complex social dynamics relevant to family farms’ agricultural production. This, in turn, allows researchers and practitioners to (1) better comprehend farmers’ decision making, (2) envision potential social outcomes among farming households, and (3) generate quantitative evidence for guiding more effective sustainable development policies and interventions (Herrero et al., 2014; Ha et al., 2017; Nyambo et al., 2019).

This study’s integrated, transdisciplinary approach to SIA explored the links between children’s educational outcomes and various factors relevant to farm-level production. Findings illustrate how an SIA that builds from agronomic and economic evidence can examine such relationships and help to anticipate potential social outcomes linked to farming households’ well-being and sustainable development. This study’s approach could be applied to other smallholder production contexts, provided that similarly comprehensive survey datasets are collected and social impact(s) categories’ materiality is established through stakeholders’ substantial participation.
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Footnotes

1   UNCTAD (2015) defines smallholders as “those who farm areas of about 2 hectares of landholding or less,” and the FAO (2018) defines a family farm as “an agricultural holding which is managed and operated by a household and where farm labor is largely supplied by that household.” Both definitions characterize African small-scale farming in general (Gollin, 2014), and they are also applicable to the farming households analyzed in this study. Therefore, these terms are used interchangeably throughout this paper.

2   Madagascar’s National Center for Applied Research in Rural Development (FOFIFA) and Center for Research and Rural Development in Agriculture and Livestock (FIFAMANOR) have been collaborating with the French Center for International Cooperation in Agronomic Research for Development (CIRAD) in central Madagascar for nearly 30 years, frequently accompanied by other project-specific research partners from Africa, Europe and elsewhere.

3   Social concerns articulated by stakeholders were: low levels of education; health; food security; family planning/size; security of livestock and other assets; rurality and access to services/infrastructure; vulnerability to economic crises (note: information sourced from unpublished project reports provided by the AR4D consortium).

4   According to Azomahou and Yitbarek (2021), intergenerational mobility describes the process in which socioeconomic outcomes are passed from one generation to the next. Education can be an effective indicator of socioeconomic outcomes due to its links to labor market participation, incomes, and overall economic growth. In Africa’s developmental context, intergenerational mobility through education is particularly relevant due to the persistent inequality of opportunity for children from poor and undereducated households, who are less able to move beyond their parents’ socioeconomic status (Alesina et al., 2021; Razzu and Wambile, 2022).

5   In Madagascar, administrative segmentation begins with provinces that are divided into regional districts, then into communes, and finally into local fokontany.

6   These selection criteria are justified because, at the level of Malagasy farm households, there are very diversified agricultural and non-agricultural activities, and this diversification ensures their resilience. Moreover, the simultaneous improvement of productivity and natural resource management – especially in situations where resources are limited – requires agroecological intensification. This in turn requires the strategic combination of activities, in particular integration of agriculture and livestock. Thus, there is no specialization of production at the level of farming households in Madagascar. As long as this high-risk production environment exists (e.g., climatic, diseases, pests, economic, social, and/pr political risks), then agroecological intensification via combining complementary activities seems to be the best option, at least for small and medium-sized farms. Given this scenario, milk production is a form of agroecological intensification that combines livestock breeding, cultivation of fodder, and most importantly, the production of manure, which is essential for fertilization and improving the outputs of food crops production.

7   In Madagascar’s schooling system, primary school should be attended between the ages of 6 to 10, lower secondary school between the ages of 11 to 14, and upper secondary school from 15 to 17 years of age (Education Policy and Data Center (EPDC), 2018).
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