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Abstract 18 

Food security remains a persistent challenge in sub-Saharan Africa, and sustainable 19 

agricultural intensification has been proposed as a promising strategy to improve both 20 

agricultural productivity and household welfare. However, there is limited empirical 21 

evidence on the heterogeneous welfare effects of the intensity of adopting multiple 22 

sustainable agricultural practices, particularly when these technologies are 23 

implemented individually or in combination. This study addresses this gap by 24 

examining the welfare impacts of certified seeds (CS), improved technical itineraries 25 

(ITK), and irrigation systems on annual per capita expenditure and the Food 26 

Consumption Score (FCS) among vegetable farm households in southern Benin. The 27 

analysis uses an unbalanced three-round panel dataset collected in 2018, 2020, and 28 

2022. It estimates heterogeneous effects of multiple treatments in the presence of the 29 

endogeneity with respect to both time-constant and time-varying unobserved 30 

heterogeneity and selection on idiosyncratic gains. Accordingly, a panel-data fixed-31 

effects endogeneity-corrected correlated random coefficients model combined with a 32 

latent factor approach is used. The main findings are that the largest effects on per 33 

capita expenditure (an average partial effect of 82%) were obtained with an increase 34 

in the area covered by the adoption of the three technologies combined, especially in 35 

the presence of an irrigation system. Similarly, an increase of area under the three 36 

combined technologies increases the probability of achieving an acceptable FCS by 37 

0.45 points, specifically among male-headed farm households. The findings have 38 

important policy implications for designing targeted agricultural programs that promote 39 

complementary technology packages and account for household heterogeneity to 40 

maximize welfare. 41 

Keywords: Vegetable interventions; Welfare; unbalanced panel data; continuous 42 

endogenous variable; correlated random coefficients model; southern Benin. 43 

  44 
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1 Introduction 45 

In recent decades, agricultural interventions in West African countries have focused 46 

primarily on staple and cash crops such as maize, rice, cassava and cotton [1], [2]. In 47 

contrast, the vegetable farming subsector has comparatively received limited 48 

attention, despite its significant potential to enhance food and nutritional security, 49 

stimulate economic growth, and generate employment, particularly for young people 50 

and women in Benin [3]. 51 

In Benin, the vegetable sector has experienced sustained growth in recent years. It 52 

accounted for approximately 15.11% of agricultural gross domestic product (GDP) in 53 

2024[4], with more than 333,734 farmers engaged in vegetable production as of 2019. 54 

Total production reached 717,365 tons during the 2023–2024 season, representing a 55 

6.2% increase over that of the previous year [4]. Despite this expansion, the sector 56 

continues to face structural constraints, including limited access to quality inputs such 57 

as certified seeds (CS), inadequate irrigation infrastructure, insufficient technical 58 

knowledge and weak value chain integration [1], [3].In response, the government of 59 

Benin, supported by development partners and nongovernmental organizations, has 60 

prioritized investments in vegetable farming [1], [5]. These interventions promote the 61 

adoption of key agricultural technologies, including CS, improved technical itinerary 62 

knowledge (ITK) (mineral/organic fertilization and certified biopesticides) and irrigation 63 

technology (IrrT) (tube wells, boreholes, and raised boards). These innovations are 64 

expected to enhance vegetable farmers’ welfare through two main pathways: (i) 65 

increasing productivity and market participation, leading to higher incomes and 66 

employment opportunities along the value chain, and (ii) improving household food 67 

availability and dietary diversity, contributing to better nutritional outcomes and long-68 

term human capital development [6]. 69 

Despite these efforts, rigorous empirical evidence on the welfare impacts of such 70 

interventions remains limited, particularly interventions targeting irrigation systems, 71 

CS access and improved technical itineraries. This study addresses several critical 72 

gaps in the literature in four main ways.  73 

The first limitation is that the literature predominantly evaluates single technologies in 74 

isolation, despite the fact that vegetable farmers typically combine complementary 75 

innovations such as certified seeds, improved technical practices, and irrigation [7]. 76 

As a result, little is known about whether these technologies generate complementary 77 
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or synergistic welfare effects when adopted jointly or whether their impacts depend on 78 

the intensity of adoption. 79 

A second limitation concerns the measurement of welfare, previous studies on 80 

vegetable production in developing countries have mainly focused on yield and 81 

marketing efficiency [8], [9], income, poverty and food security using cross-sectional 82 

data [2], [10], [11], [12], [13]. While these studies report positive outcomes, these 83 

indicators conventionally used do not fully capture broader dimensions of household 84 

well-being, such as food consumption, education, and living conditions. Moreover, 85 

yield-based measures are difficult to standardize in diversified vegetable systems 86 

involving multiple crops (e.g., onion, tomato, pepper, lettuce, amaranth, and carrot) 87 

[2]. Consequently, there is limited evidence on how technology adoption 88 

simultaneously affects both the economic and nutritional dimensions of household 89 

welfare though annual per capita consumption expenditure and the food consumption 90 

score (FCS) indicators as recommended by [2] and [14]. Third, very few studies 91 

explicitly consider the intensity of adoption in the vegetable sector, which is typically 92 

proxied by the share of cultivated areas allocated to specific technologies. This study 93 

advances the literature by analyzing the welfare effects of both single and combined 94 

technologies while explicitly accounting for adoption intensity in the vegetable sector. 95 

Fourth, unlike most prior studies relying on cross-sectional data, this analysis exploits 96 

a multiwave panel dataset, thus allowing for a more robust identification of causal 97 

effects over time [2], [15]. Cross-sectional designs are prone to selection bias and fail 98 

to adequately control for unobserved heterogeneity, thereby potentially leading to 99 

biased estimates [16], [17]. Panel data offer a critical advantage by enabling the 100 

control of both time-invariant and time-varying unobserved heterogeneity, particularly 101 

in contexts where farmers self-select into technology adoption based on latent 102 

characteristics such as ability, motivation, and expectations of future gains [18]. This 103 

dynamic selection process induces endogeneity, as adoption decisions are correlated 104 

with anticipated welfare improvements. To control time-invariant unobserved 105 

heterogeneity, the correlated random effects (CRE) or fixed effects approach is 106 

typically used, mainly in the context of panel data [19], [20], [21]. However, the CRE 107 

commonly used in nonlinear models is considered complementary to fixed effects and 108 

has limitations since it is applicable to situations with short panels and small samples, 109 

implying arbitrary time heterogeneity and dependence [21].Thus, we apply a 110 

combination of econometric techniques, specifically fixed effects models for controlling 111 
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time-invariant unobserved heterogeneity commonly used in linear models addressing 112 

the linear nature of the intensity of adoption variable, and control function / latent factor 113 

models that control time-varying unobserved heterogeneity and address potential 114 

endogeneity and selection bias following the recommendations of [18], [19], [20], [22]. 115 

In fact, control function and latent factor approaches are more efficient than traditional 116 

instrumental variable (IV) methods when dealing with heterogeneous and multiple 117 

endogenous treatment effects, as demonstrated by [23] and [24]. 118 

The remainder of the paper is organized as follows. Section 2 presents the theoretical 119 

framework. Section 3 details the methodology. Section 4 presents the empirical 120 

results, and Section 5 discusses them. Finally, Section 6 concludes the paper and 121 

offers policy recommendations. 122 

 123 

2 Nexus between vegetable-focused interventions and farmers’ welfare: 124 

Household-level pathways 125 

 126 

This study builds on a conceptual impact pathway that provides a comprehensive 127 

understanding of how vegetable-based interventions influence household welfare 128 

through food production, income generation, and women empowerment pathways 129 

[25]. The model emphasizes the role of farm-household access to integrated 130 

vegetables intervention packages, which include the provision of certified seeds of 131 

improved varieties, irrigation systems and training in optimal agronomic practices, 132 

such as the use of biopesticides, biofertilizers, and organic manure.  133 

The analysis focuses on vegetable-producing households, as they serve as both 134 

production and consumption units within the rural economy. Due to the presence of 135 

imperfect markets for food commodities and production inputs, particularly labor, 136 

production and consumption decisions are interlinked. Thus, a non-separable 137 

agricultural household model is adopted to reflect the dual roles and constraints faced 138 

by these households.  139 

Our theoretical framework is grounded in the agriculture-nutrition impact pathway 140 

described by [6], [26], [27]. Households’ welfare is proxied by two key outcomes: food 141 

security status and household consumption expenditure [28]. The conceptual model 142 

integrates three primary pathways: 1) food production pathway, 2) income generation 143 

pathway and 3) women’s empowerment pathway [26].   144 
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These pathways provide a structured lens through which the behavioural changes 145 

induced by vegetable interventions can be linked to improvements in household 146 

welfare outcomes. The sustainability of these impacts depends on the extent to which 147 

farmers adopt improved practices. A visual illustration of the adapted framework is 148 

provided in Figure 1, derived from [26], emphasizing its relevance to food security and 149 

consumption dynamics. 150 

The model assumes that targeted farmers receive a comprehensive vegetable 151 

intervention package. Enhanced access to modern production inputs (fertilizers, 152 

pesticides, and improved seeds), along with training on their optimal use, is expected 153 

to reduce production costs and boost yields. Adoption of improved agronomic 154 

practices further augment vegetable productivity [6]. Higher productivity leads to 155 

surplus production, enabling farmers to sell excess output and generate farm income.  156 

The income pathway posits that increases in net farm income enhance the 157 

households’ purchase power, enabling access to more diverse and nutritious food. 158 

Income may also be reinvested in other food crops enterprises, fostering diversified 159 

and resilient household diets. Thus, improved food availability and access translate 160 

into greater household food security. The direct cultivation of staple and nutrient-rich 161 

crops remains a central strategy to increase food availability at the household level. 162 

Moreover, net farm income positively influences both food and non-food consumption 163 

expenditures, reflecting its broader effect on household well-being [6], [14], [26].  164 

The women’s empowerment pathway constitutes a critical mediating mechanism 165 

within this framework. Women are actively engaged across all segments of the 166 

vegetable value chain, from production to marketing, and control over resources and 167 

income significantly shapes household expenditure patterns. Evidence indicates that 168 

women-controlled income is more likely to be allocated toward food and health-related 169 

expenses [26]. Furthermore, vegetable production interventions may reduce women’s 170 

time burdens by improving efficiency in farm and household tasks. Time saving enable 171 

investment in caregiving and food preparation activities, thereby enhancing the 172 

nutritional well-being of women and children. Empowering women thus emerges as a 173 

critical leverage point for advancing food security and household welfare [6].  174 

At the meso- and macro-levels, these three pathways are shaped by enabling 175 

environment, which includes factors such as the food market system, natural resource 176 

base, infrastructure, cultural norms, and knowledge systems[26]. Agricultural policies 177 

and development interventions can either reinforce or constrain these pathways, 178 
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underlining the importance of a multisectoral approach in the design and 179 

implementation of vegetable-based development programs [26].  180 
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Fig. 1 181 

 182 

Description: Causal pathways from vegetable interventions to both household food 183 

security and consumption expenditures 184 

 185 

 186 

3 Materials and Methods 187 

 188 

3.1. Identification strategy of bias 189 

In this study, the evaluation of the effects of multiple vegetable-related interventions 190 

on household consumption outcomes is grounded in a latent variable discrete choice 191 

framework—specifically, the index function formulation and the generalized Roy 192 

model [7]. Based on the generalized Roy model [29], adoption decisions of vegetable 193 

interventions 𝑚(𝑚 = 0, ⋯ , 5) are made under partial or complete knowledge of 194 

potential returns [30]. Thus, the probability that the adoption decision D equals a 195 

specific alternative 𝑚 is expressed as follows: 196 ௠ܲ = ∗௠௜௧ܦ)ݎܲ = 𝑚) = ,(௠ߜ௜௧ݔ)௝ܨ 𝑚 = 0, ⋯ , 5            (1) 197 
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where ܨ௝(∙) is the cumulative distribution function of the error term and observed 198 

variables ݔ௜௧. 199 

Various specifications for ܨ௝ correspond to specific models, namely the multinomial 200 

logit, nested logit, multinomial probit, ordered, sequential, and multivariate models for 201 

the polychotomous endogenous treatment case [31]. 202 

Under the generalized Roy model and assuming linearity, at time ݐ, the welfare 203 

outcome ܻ equation for alternative combinations of multiple vegetable interventions 𝑚 204 

is given [18], [22] as follows: 205 0ܻ௜௧ = 0௧ߙ + 0ߚ௜௧ݔ + ܿ௜0 + 0௜ 206 ௠ܻ௜௧ݑ = ௠௧ߙ + ௠ߚ௜௧ݔ + ܿ௜௠ + ௠௜ݑ     ∀ ݅ = 1, ⋯ , ݐ ݀݊ܽ  ܰ = 1, ⋯ , ܶ    (2) 207 

where 0ܻ௜௧ is the potential outcome that economic agent ݅ would obtain at time t if he 208 

is not assigned to any alternative combination of vegetable intervention (𝑚 = 0), ௠ܻ௜௧ 209 

is the potential outcome that person ݅  would obtain at time t if assigned to an alternative 210 

combination of vegetable intervention, 𝑚(𝑚 = 1, ⋯ ,  ௠௧ are the time-211ߙ 0௧ andߙ ,(5

specific intercepts common in panel data applications [32], and ݔ௜௧1 is a vector of 212 

various explanatory variables[18]. The time-constant unobserved heterogeneity 213 

across units in the six regimes is captured by ܿ௜10 and ܿ௜1௠. The idiosyncratic errors 214 

are captured by 0ݑ௜ and ݑ௠௜. 215 

In this study, we also assume heterogeneous treatment effects and selection on the 216 

gain [33]. To take this hypothesis into account, some interaction terms of a subset of 217 

demeaned explanatory variables ݔ௜௧ with the dummy adoption variable ܦ௝௜௧ are 218 

included in the model. The impact of adopting vegetable interventions on welfare ( ߛ௞) 219 

is accordingly expressed in equation (2) as a function of an intercept (ߣ), the 220 

demeaned explanatory variables of ݔ௜௧, such as socioeconomic demographic 221 

characteristics, the deflated consumer price index and unobserved heterogeneity (ܿ௜), 222 

and the ability and motivation of the vegetable farmers included in the idiosyncratic 223 

error (ߝ௜௧) [34]. Accordingly, the expected impact is expressed following Imbens and 224 

Wooldridge [18]: 225 ௝ܻ௜௧ = ௧0ߚ + ௠ߚ௜௧ݔ + ௠௜௧ λܦ  +  D௠௜௧(ݔ௜௧ − ௜௧)δݔ̅ + ௜ߙ + ܿ௜ + ௜௧ߝ௠௜௧ܦ   +  ௠௜      (3) 226ݑ

The model in Eq. (3) with Roy selection is commonly referred to as a correlated 227 

random-coefficient model because the coefficient on  ܦ௠௜௧ is an unobserved random 228 

variable that is permitted to be arbitrarily dependent on  ܦ௠௜௧ itself [33]. The most 229 

important assumption for Eq. (3) to determine a consistent causal effect of the 230 
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vegetable intervention adoption variable  ܦ௠௜௧ on household welfare outcomes is that 231 

of the strict exogeneity of the covariates. Therefore, any correlation between the 232 

explanatory variables and the composite error term of Eq. (3) is ruled out [33], [34]. 233 

The difficulty in identifying Eq. (3) arises in the presence of unobserved constant 234 

heterogeneity, endogenous variables and selection into treatment. If the 235 

noncorrelation assumption is invalid, then the variable  ܦ௠௜௧  is said to be endogenous. 236 

The endogeneity of the regressors makes the estimators inconsistent and results in 237 

inappropriate inferences. 238 

This study considers the endogeneity problem derived from omitted variables that vary 239 

across both farm households and time and are included in the error term of Eq. (3). 240 

The omission of these variables in Eq. (3) means that they will be incorporated into 241 

the error term (ܦ௠௜௧ߝ௜௧ +  ௜0). As a result, the error term is correlated with the adoption 242ݑ

of vegetable interventions variable (ܦ௠௜௧), hence violating the exogeneity assumption 243 

[33], [34]. For instance, some farm households have an inherent ability to adopt more 244 

vegetable interventions and to invest more in welfare. This ability might be neither 245 

specifically reported in the data nor proxied by any of the reported variables. Afterward, 246 

the adoption status of vegetable interventions will be correlated with the unobserved 247 

ability component of the error term. This situation results in an upward bias in the 248 

estimated coefficient of the adoption status, as it captures both the direct effect of 249 

adoption and the indirect effect of capability on gains. This example of the effects of 250 

unobserved factors indicates the potential endogeneity of the adoption decisions 251 

variable in the outcome equation, which introduces bias in all the estimated 252 

coefficients. Consequently, in light of the aforementioned biases, a bias-corrected 253 

estimator is necessary. 254 

 255 

3.2. Selection of corrected panel data models  256 

Several methods have been developed to control selection bias and endogeneity 257 

stemming from selection on unobservables, including instrument variables (IVs) with 258 

estimators such as the two-stage least squares (2SLS) method and the two-stage 259 

residual inclusion approach, also known as control function approaches, and latent 260 

factor models [15], [23], [35], [36]. Among these, control function methods and latent 261 

factor models are often more efficient than traditional IV techniques are, especially in 262 

the presence of multiple treatments, heterogeneous effects, and self-selection  263 
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[24], [31]. Furthermore, Drukker [35] and Heckman [23] demonstrate that latent factor 264 

models can consistently identify treatment effects even in the absence of valid 265 

instruments. Furthermore, they show that the latent factor can be used regardless of 266 

whether the endogenous variables and outcomes are linear or nonlinear. In this case, 267 

we estimate the control function and the latent factor approach separately to select 268 

the appropriate one in this study. 269 

With respect to the control of time-constant and variant unobserved heterogeneity in 270 

the context of panel data, three major approaches are conventionally used depending 271 

on the case, such as fixed effects, CRE and random effects models. Fixed effects 272 

models assume the control of time-invariant unobserved heterogeneity that is 273 

correlated with explanatory variables, while random effects models assume 274 

uncorrelated and potentially time-varying unobserved effects [18]. Unlike CRE models, 275 

fixed effects models are particularly useful when continuous variables are endogenous 276 

and correlated with unobserved heterogeneity in technology use, as is the case in our 277 

study [19]. 278 

In light of these considerations, the present study applies a correlated random 279 

coefficient model with fixed effects to control for unobserved heterogeneity, 280 

incorporating a control function on the one hand and a latent factor approach on the 281 

other hand to account for time-varying unobserved heterogeneity, endogeneity and 282 

heterogeneity with multiple continuous endogenous treatments. 283 

 284 

3.3.  Specification of a fixed effects panel data endogeneity corrected 285 

correlated random-coefficients model 286 

Drawing from the proposed theoretical framework, this study specifies two-system 287 

equations as a joint distribution of a multiple continuous endogenous treatments  ܦ௜௧  288 

equation and a welfare outcome ௝ܻ௜௧ equation. Following Imbens et al. [34], the main 289 

equation is specified as a correlated random-coefficient model accounting for Roy-290 

type selection[29], [31], [32], [37], [38], [39] and can be expressed as follows: 291 {ܦ௝௜௧ = ߛ௜௧ݔ + ௜௧                                                                                                                      ௝ܻ௜௧ߟ = 0ߚ + 1ߚ௜௧1ݔ + ௠௜௧ λ௠௜ܦ  +  D௠௜௧(ݔ௜௧1 − ௜௧1)δݔ̅ + ܿ௜௧ + ௝௜௧ݒ +  ௜௧                                (4) 292ݑ

Fixed effects are applied to correct for the bias resulting from the correlation between 293 

the time constant unobserved heterogeneity ܿ௜௧ and the continuous endogenous 294 

variables  ܦ௠௜௧ [29], [33], [38], [40], [41]. However, neither the bias from the omitted 295 
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time-varying unobserved heterogeneity ݒ௝௜௧ nor that from the selection on gain is 296 

eliminated via fixed-effects-style transformations [24]. 297 

Moreover, we applied a control function approach to address the time-varying 298 

endogeneity issue of  ܦ௠௜௧, the selection on the gain bias, while accommodating the 299 

linear functional form [34].  300 

The estimation is a two-step process. We first estimate the reduced-form treatment 301 

equation using a pooled linear model [42], [43]. 302 

Next, we construct the control function (߬௜௠௧) for each endogenous treatment. In the 303 

second step, following Kawatkar et al. [24] Imbens et al. [34], we rewrite the main 304 

equation’s welfare outcome in the system equation (eq. 4) as follows: 305 

௝ܻ௜௧ = 0ߚ + 1ߚ1௜௧ݔ + ௠௜௧ λ௜௠ܦ  +  D௠௜௧(1ݔ௜௧ − 1௜)δ௜௠ݔ̅ + (ℎ(߬௜௠௧))ߩ + ௠௜௧ ∗306 ((ℎ(߬௜௠௧)))ܦ  ξ௠+ ܿ௜ +  ௜௧                (5) 307ݑ

where ̅1ݔ௜ is the expected value of 1ݔ௜௧ and (1ݔ௜௧ −  1௜) is thus the individual demeaned 308ݔ̅

exogenous variables vector. The last two terms are the generalized residual function 309 

and the interaction of the generalized residual with the endogenous multiple treatment 310 

variable. Fixed effects consistent estimation of λ௠௜ requires that we ignore ܿ௜ from the 311 

main equation of the system equation (5). Accordingly, we make the following 312 

assumption[34]: 313 ܧ(ܽ௜|ܦ௜1, ⋯ , (௜்ܦ = (௠௜ܦ̅|௜ܽ)ܧ =  D௠௜௧( ̅ܦ௠௜ −  D̅௠)       (6) 314 

where other covariates have been suppressed. 315 

The final and complete outcome equation in the case of control function approach is 316 

as follows: 317 ௝ܻ௜௧ = 0ߚ + 1ߚ1௜௧ݔ + ௠௜௧ λ௜௠ܦ  +  D௠௜௧(1ݔ௜௧ − 1௜)δ௜௠ݔ̅ + ௠௜ܦ̅ )D௠௜௧ ߠ −  D̅௠) +318 (ℎ(߬௜௠௧))ߩ + ∗ ௠௜௧ܦ  ((ℎ(߬௜௠௧))) ξ௠ +  ௜௧       (7) 319ݑ

Concerning the case of implementing the latent factor approach, we use generalized 320 

structural equation modeling (GSEM) estimator that involves the latent factor. GSEMs 321 

involving latent factors ݈௧ have been seen as a more advanced estimator of multiple 322 

outcomes (expenditure and level of food security) simultaneously [15]. Unlike the 323 

SEM, the GSEM can accommodate not only continuous data but also binary, ordinal, 324 

counted, or categorical data. The work of Chaoying et al. [15] confirms the 325 

effectiveness of the GSEM compared with the traditional SEM. This model was applied 326 

in the panel context following [36], [44] and [36] showed that the GSEM estimator 327 
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involving latent factors performs well in resolving the endogeneity problem. The final 328 

equation in the case of latent factor approach is as follows: 329 ௝ܻ௜௧ = 0ߚ + 1ߚ1௜௧ݔ + ௠௜௧ λ௜௠ܦ  +  D௠௜௧(1ݔ௜௧ − 1௜)δ௜௠ݔ̅ + ௠௜ܦ̅ )D௠௜௧ ߠ −  D̅௠) + ௜௧݈ߡ +  ௜௧ (8) 330ݑ

In models where the treatment effects depend on unobserved heterogeneity, attention 331 

usually turns to population-averaged effects, also called average partial effects (APEs) 332 

for continuous endogenous variables [21], [30]. Therefore, in this study, we estimated 333 

the APEs of the vegetable interventions on the welfare outcome from the parameters 334 

estimated. 335 
 336 

3.4.  Empirical estimation 337 

This section presents the two approaches adopted (control function and latent factor 338 

approaches) to select the best one for correcting bias and estimating the average 339 

treatment effect related to each technology package used. First, to account for the 340 

unbalanced nature of the panel data, we introduced a selection indicator, also known 341 

as a complete case indicator, ݏ௜௧, and rejected the hypothesis of nonrandomness of 342 

systematic attrition rate test (p<0.05) after that there is no significant difference in the 343 

regression analysis (with attrition and without attrition). 344 

• Control function approach 345 

With respect to the approach involving control functions, we follow a two-step 346 

procedure to estimate the model. In the first step, we estimate a linear regression 347 

simultaneously of the continuous endogenous variables, which represent the intensity 348 

of adoption of each of the five technologies (surface area covered by technology), with 349 

a linear model to define the control function. In the second step, we save the fitted 350 

values and construct a bias correction term from each estimated endogenous equation 351 

for the complete cases, as we use a linear specification. Then, we estimate the two 352 

outcomes equation (7) separately following Biru et al. [7], Kawatkar et al. [24], Papke 353 

and Wooldridge [37], Chamberlain [45], and Mundlak [46]. 354 

 355 

Estimation of total annual expenditure per capita outcome 356 

In this step, fixed effects correlated random coefficient linear regression is used to 357 

estimate the outcome equation related to the total annual expenditure1 per capita in 358 

FCFA, which is a continuous variable and log transformed.  359 

 
1 Total annual household expenditure is defined as the aggregate value of both food and nonfood items 

consumed or purchased by a household[16]. 
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Estimation of the FCS outcome 360 

With respect to the estimation of the FCS2, a fixed effects endogenous ordered logit 361 

regression is used given the ordered categorical nature (1 = ,ݐ݁݅݀ ݎ݋݋݌  2 ,ݐ݁݅݀ ݈݁݊݅ݎ݁݀ݎ݋ܾ  362= 3 =  Furthermore, we included the mean of time-363 .(ݐ݁݅݀ ݈ܾ݁ܽݐ݌݁ܿܿܽ 

varying explanatory variables ܼ̅௜௧  to avoid the problem of incidental parameters in 364 

nonlinear models given that the number of parameters ߚ increases with the number 365 

of individuals [7] .  366 

Note that given the difficulty in interpreting the coefficients of the ordered logit model, 367 

we present only the elasticities of the significant explanatory variables. Elasticities are 368 

calculated as ∂ log௬ .௧/ ∂ log௑௠ .௧ evaluated at the mean value of the m th component of 369 

the x vector using the eyex command in Stata 17. 370 

• Latent factor approach 371 

With respect to the latent factor approach, the equations were estimated 372 

simultaneously in one step with the GSEM. 373 

Estimation of total annual expenditure per capita outcome 374 

The estimation of total annual expenditure per capita outcome is done following 375 

equation (8), the outcome model related to the expenditure is expressed as follows: 376 ln ௘ܻ௫௣௘௡ௗ௜௧௨௥௘.௧ = ௧0ߚ + ௜ܺ௧ߚ + ݃(λ1 ܥ ௜ܵ௧ + λ2 ܭܶܫ௜௧ + λ3 ܵܥ x ITK௜௧ + λ4 ܭܶܫ x IrrT௜௧ +377 λ5 ܵܥ x ܭܶܫ x IrrT௜௧ + 1݈஼ௌ௜௧ߡ + 2݈ூ்௄௜௧ߡ + 3݈஼ௌ x ITK௜௧ߡ + 4݈ூ்௄ x IrrT௜௧ߡ + (5݈஼ௌ x ூ்௄ x IrrT௜௧ߡ +378 δ1 ܥ ௜ܵ௧ ∗ ( ௜ܺ௧ − ܺ̅௜) + δ2 ܭܶܫ௜௧ ∗ ( ௜ܺ௧ − ܺ̅௜) + δ3 ܵܥ x ITK௜௧ ∗ ( ௜ܺ௧ − ܺ̅௜) + δ4 ܭܶܫ x IrrT௜௧ ∗379 ( ௜ܺ௧ − ܺ̅௜) + δ5 ܵܥ x ܭܶܫ x IrrT௜௧ ∗ ( ௜ܺ௧ − ܺ̅௜) +  ௜௧                                    380ݑ

   (9) 381 ௜ܺ௧ covariates are often used in the literature (Table 2). The estimation with the GSEM 382 

includes five latent factors (݈) to five types of potential improved practices and a 383 

reference alternative following the procedures of Deb et al. [47], Drukker [35] and [20] 384 

by simulating a large number of Halton sequences. Terms 385 ݈஼ௌ೔ .೟ , ݈ூ்௄೔.೟ , ݈CS_ITK೔ , ݈ூ்௄_ூ௥௥்೔.೟ , ݈஼ௌ_ூ்௄_ூ்௥௥೔.೟ and their covariance are unobserved latent 386 

utility factors for the treatments, which serve to control for endogeneity in the equation, 387 

with 1ߡ, 5ߡ and 4ߡ ,3ߡ ,2ߡ ≠ 0[47], [48]. The Stata margins command is used to 388 

systematically estimate the means of each predicted potential outcome. This 389 

command accounts for the two-step estimation problem using the standard method 390 

 
2 The ordinal classification of food security levels is estimated following FCS method based on predefined 

thresholds established by the World Food Program (WFP)[14], [68]. 
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discussed by [49]. Next, we estimate the total marginal effects of technology adoption 391 

following [35] and [50]. 392 

Estimation of the FCS outcome 393 

The model related to the FCS is as follows: 394 

ிܻ஼ௌ ௟௘௩௘௟ .௧ = ௧0ߚ + ௜ܺ௧ߚ + ܼ̅௜௧߰ + ݃(λ1 ܥ ௜ܵ௧ + λ2 ܭܶܫ௜௧ + λ3 ܵܥ x ITK௜௧ + λ4 ܭܶܫ x IrrT௜௧ +395 λ5 ܵܥ x ܭܶܫ x IrrT௜௧ + 1݈஼ௌ௜௧ߡ + 2݈ூ்௄௜௧ߡ + 3݈஼ௌ x ITK௜௧ߡ + 4݈ூ்௄ x IrrT௜௧ߡ + (5݈஼ௌ x ூ்௄ x IrrT௜௧ߡ +396 δ1 ܥ ௜ܵ௧ ∗ ( ௜ܺ௧ − ܺ̅௜) + δ2 ܭܶܫ௜௧ ∗ ( ௜ܺ௧ − ܺ̅௜) + δ3 ܵܥ x ITK௜௧ ∗ ( ௜ܺ௧ − ܺ̅௜) + δ4 ܭܶܫ x IrrT௜௧ ∗397 ( ௜ܺ௧ − ܺ̅௜) + δ5 ܵܥ x ܭܶܫ x IrrT௜௧ ∗ ( ௜ܺ௧ − ܺ̅௜) +  ௜௧                                  398ݑ

   (10) 399 

The parameters APE and average partial effect for treated (APET) are postestimated 400 

following [21], [30], [31], [47], [51], given that the parameter of interest in this study, 401 

adoption intensity, is a continuous variable. In contrast, when the program variable is 402 

a dummy, the parameter of interest can be the average treatment effect (ATE) or the 403 

average treatment effect on the treated (ATT). Thus, we can define a parameter of the 404 

APE that measures the change in the expected outcome due to a small change in the 405 

program level. Similarly, the APET measures the change in the expected outcome of 406 

the program participants due to a small change in the program level. In reality, the 407 

adoption of technology provides farmers with different technology coverage levels 408 .ܦ 

D is a continuous variable, which is higher than zero for the adopter. Furthermore, let 409 (ܻ஽) denote the potential outcome corresponding to the value of D. We can be 410 

interested in the technology effect when the technology changes by an intensity, 411 

denoted by ߜ. More specifically, we want to measure the change in the technology 412 

impact due to a change in the adoption intensity from ݀ to ݀ +  413 .ߜ

Following Nguyen [52], the parameters APE and APET are expressed as follows: 414 ܧܲܣ(ௗ+ఋ) = ா[௒(ವ=೏+ഃ)−௒(ವ=೏)]ఋ = 1௡ ∑ డி(஽೔,௑೔,ఌ̂೔,ఉ̂)డ஽೔௡௜=1         415 

ܧܲܣ 416 (11)  (ܶௗ+ఋ) = ா[௒(ವ=೏+ഃ)−௒(ವ=೏)]஽>0ఋ = 1௡ℎ ∑ డி(஽೔,௑೔,ఌ̂೔,ఉ̂)డ஽೔௡ℎ௜=1        417 

   (12) 418 

where ݊ℎ is the number of adopters ℎ, ε are observed and unobserved variables, β 419 

are model parameters estimated from the estimated outcome equations 9 and 10, and 420 ߲ܨ(. . ) is a known derivative function and is continuously differential. 421 

 422 
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3.5.  Data and descriptive statistics 423 

This study relies on unbalanced panel data collected over three survey rounds 424 

conducted in 2018, 2020 and 2022 in southern Benin (Fig. 2), a West African country 425 

where vegetable farming represents a major economic sector.  426 

 427 

Fig.2. 428 

 429 

Description: Area zone 430 

 431 

The sample includes 331 vegetable-producing households surveyed in 2018, 432 in 432 

2020 and 437 in 2022. The total sample size was determined using the formula 433 

developed by Rea [53],employing a two-stage stratified random sampling design. In 434 

the first stage, three villages were selected per municipality using probability 435 

proportional to size (PPS) sampling, resulting in a total of 81 sampled villages. In the 436 

second stage, the number of producers selected within each village was proportionate 437 

to the number of vegetable producers in that village. 438 

The final panel dataset comprises 1,200 household-level observations, among which 439 

662 correspond to households that benefited directly from the interventions of 440 

government and private projects through technical, organizational, financial (subsidies 441 

and donations) or institutional advisory support; or those who learned about the 442 

technology through their peer’s producer, and adopted at least one improved 443 

vegetable production technology on the plots. 538 households served as a control 444 

group with no adoption. A household was classified as a technology adopter if the 445 
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producer both knew the technology and had applied at least twice within the past three 446 

years following the criteria used by Mugwe et al. [54]. 447 

The technologies considered in this study include CS, technical ITK, and IrrT, as well 448 

as their combinations: CS − ITK, CS − IT, ITK − IT, and CS − ITK − IrrT. Less frequently 449 

adopted combinations, such as IrrT only (n=13) and CS − IrrT (n=10), were excluded 450 

from the data analysis because of insufficient sample size, resulting in a final analytical 451 

sample of 1,200 observations. 452 

Table 1 provides a summary of the distribution of technology adoption across the 453 

sample. Notably, adoption patterns varied over time, with some household specific 454 

technologies adoption or disadoption across survey rounds. 455 

Table 1. Number of vegetable household treated and untreated 456 

  Technology Observations 

Treated Certified Seed (CS) 95 

ITK 188 

CS x ITK 195 

ITK x IrrT 83 

CS x ITK x IrrT 101 

Total 662 

Untreated 
 

538 

TOTAL   1200 

 457 

The dataset contains detailed information on the socioeconomic and demographic 458 

characteristics of vegetable-producing households, as well as their living conditions, 459 

dietary patterns, and price-related characteristics. Summary statistics of the variables 460 

used in the impact estimation equations, particularly those capturing household 461 

expenditure and food security status, are presented in Table 2. These descriptive 462 

statistics include a comparison of the mean values for each variable between the 463 

treatment and control groups, i.e., households that adopted improved agricultural 464 

practices and those that did not.465 
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Table 2. Mean and standard deviation of the variables included in the models. 466 

Variables Descriptio
n 

Without 
treatmen
t 

CS ITK CS x 
ITK 

ITK x 
IrrT 

CS x 
ITK x 
IrrT 

Statistical test (comparison of means) 
CS vs. 
without 
treatmen
t 

TKI vs 
without 
treatmen
t 

CS x TKI 
vs. 
without 
treatmen
t 

TKI x 
IrrT vs 
without 
treatmen
t 

1CS x 
ITK x 
IrrT vs 
without 
treatmen
t 

Household 
expenditure 
per capita 

FCFA/year 
(per capita 
per 
equivalent 
adult) 

285691.4 326012.
3 

36624
4 

371100.
1 

396429.
1 

454175.
9 

1.08** 1.55*** 0.91*** 5.56*** 9.57*** 

FCS 1= poor 2= 
borderline 
3= 
acceptable 
diet 

1.45 
 

1.56 1.77  1.89 2.23 2.32 27.56*** 1.41*** 11.90*** 4.72*** 9.66*** 

Man-
headed 
household 

1 if the 
head of 
household 
is a man; 0 
otherwise 

0.76 0.79 0.72 0.72 0.81 0.85 1.54 -0.97 -6.58*** 0.94 -5.12*** 

Age of 
household 
head 

Years 39.04 39.70 39.83 39.88 39.94 40.06 1.15*** 3.57*** 1.28** -4.64*** -6.12*** 

Family 
Household 
size 

per capita 
adult 

5.31 5.38 5.19 5.44 5.76 5.66 3.20*** -13.55** -5.94*** 1.00* 3.21*** 

Education 1 if the 
producer is 
educated; 0 
otherwise 

0.50 0.55 0.61 0.70 0.64 0.74 5.32*** 5.62*** 2.29** 5.02*** 5.02*** 

Contact 
extension 

1 if the 
producer 
has contact 
with 
extension 

0.36 0.57 0.68 0.77 0.90 0.91 8.10*** 12.86*** 8.88*** 23.33*** 27.90*** 
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Variables Descriptio
n 

Without 
treatmen
t 

CS ITK CS x 
ITK 

ITK x 
IrrT 

CS x 
ITK x 
IrrT 

Statistical test (comparison of means) 
CS vs. 
without 
treatmen
t 

TKI vs 
without 
treatmen
t 

CS x TKI 
vs. 
without 
treatmen
t 

TKI x 
IrrT vs 
without 
treatmen
t 

1CS x 
ITK x 
IrrT vs 
without 
treatmen
t 

structures; 
0 otherwise 

Membershi
p of a 
group 

1 if the 
producer is 
in a group; 
0 otherwise 

0.16 0.19 0.45 0.49 0.72 0.71 12.09*** 1.56*** 9.15*** 32.37*** 28.64*** 

Access to 
credit 

1 if the 
producer 
has access 
to credit; 0 
otherwise 

0.31 0.38 0.49 0.51 0.51 0.54 10.85*** 9.19*** 3.80*** 7.57*** 2.659*** 

Area for 
vegetable 
garden 
farms 

hectare 0.05 0.03 0.07 0.04 0.08  0.07 -1.05** 4.50*** -3.69*** 7.40** 4.50*** 

Extra 
activity 

1 if yes ; 0 
otherwise 

0.35 0.37 0.52 0.56 0.64 0.76 7.97** 5.60*** 7.04*** 6.41** 2.94*** 

Distance 
market 

kilometer 4.15 3.47 4.23 4.01 3.03 2.83 -7.40 6.37*** -4.07** -5.14 -5.77*** 

Livestock 1 if yes ; 0 
otherwise 

0.17 0.14 0.17 0.23 0.28 0.41 -8.14*** -7.79*** 17.53*** 2.06*** 24.91 

Plot 
ownership 

1 if yes ; 0 
otherwise 

0.24 0.21 0.23 0.22 0.47 0.42 -13.61** 0.72*** -8.52*** 1.66* 0.04*** 

Participatio
n to Project 

1 if yes ; 0 
otherwise 

0.23 0.49 0.57 0.59 0.63 0.69 0.44*** 1.96** 5.97*** 0.09*** 0.86*** 

Price 
Tomato per 
kg 

FCFA 843.44 867.41 889.43 911.34 852.99 845.89 6.09** -0.88*** 9.97*** 6.14*** 2.22*** 

Price Chili 
pepper per 
kg 

FCFA 574.08 577.01 589.42 592.65 579.06 603.20 1.33*** 2.76* -2.83*** 0.02*** 1.56* 
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Variables Descriptio
n 

Without 
treatmen
t 

CS ITK CS x 
ITK 

ITK x 
IrrT 

CS x 
ITK x 
IrrT 

Statistical test (comparison of means) 
CS vs. 
without 
treatmen
t 

TKI vs 
without 
treatmen
t 

CS x TKI 
vs. 
without 
treatmen
t 

TKI x 
IrrT vs 
without 
treatmen
t 

1CS x 
ITK x 
IrrT vs 
without 
treatmen
t 

Price Onion 
per kg 

FCFA 351.20 354.82 353.98 355.46 370.30 371.06 0.52* 3.13*** 1.62** 0.12* 5.47*** 

Note: * ** p < 0.01; * * p < 0.05; * p < 0.1 467 

 468 
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 469 

4 Empirical Results 470 

This section addresses the goodness-of-fit of the models and the estimation results. 471 

 472 

4.1. Goodness-of-fit of models 473 

Model fit was assessed using standard information pseudo R-squared, the Akaike 474 

information criterion (AIC) and the Bayes information criterion (BIC). AIC and BIC can 475 

be calculated as follows: 476 ܥܫܣ = −2 ln(ܮ) + ܥܫܤ and ݌2 = −2 ln(ܮ) +  ln(݊)                                              (13) 477 ݌

where ܮ is the likelihood function, ݌ is the number of estimated parameters, and ݊ is 478 

the sample size [55]. 479 

Among the models estimated, the specification incorporating five latent factors using 480 

the GSEM approach outperforms the others, as evidenced by the lowest AIC and BIC 481 

values (Table 3) [55]. This result suggests a better overall fit than that of the control 482 

function model. Nonetheless, for comparison purposes, the results from the control 483 

function specification are also reported in table 3.  484 

Table 3. AIC and BIC 485 

Control function Approach Latent factor Approach 

Expenditure outcome  

AIC 1662.73  1553.77   

BIC 1673.02  1576.09   

Food security outcome   

AIC 2126.39  2007.94   

BIC 2144.75  2053.66   

 486 

4.2.  Estimation of Impact models of improved agricultural technologies and 487 

their combinations on household expenditure and food security  488 

The empirical results provide valuable insights into the role of improved agricultural 489 

technologies and their combinations in enhancing household welfare, particularly in 490 

terms of per capita expenditure and food security. Both modeling approaches, the 491 

control function and the latent factor model, yield broadly consistent findings (Table 4 492 

and 5). However, the coefficients obtained from the latent factor approach tend to be 493 

larger in magnitude and more statistically significant. Given its superior fit, the latent 494 
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factor (GSEM) specification is retained as the reference model, and the discussion 495 

and policy implications that follow are based on its estimates. 496 

The goodness-of-fit indicators support the quality of adjustment of the estimated 497 

models. The Hosmer–Lemeshow test is not significant, indicating adequate model 498 

specification. The Hausman test confirms that the five latent factors are jointly 499 

significant at the 1% level, suggesting that unobserved heterogeneity is effectively 500 

captured. Moreover, the Wald test rejects the null hypothesis of no interaction effects 501 

(p < 0.01), highlighting the heterogeneous impact of technology. 502 

To address potential time-varying endogeneity in treatment assignment, the statistical 503 

significance of the control function terms was assessed, confirming the presence of 504 

endogeneity. In addition, the significance of the interaction between the control 505 

function and treatment variables indicates heterogeneity in the treatment effects, 506 

further supporting the use of flexible, interaction-rich specifications. 507 

The intercept parameters in Table 5 differ significantly across technology groups, 508 

confirming that the five treatment categories should be modeled separately. The 509 

Hausman specification test rejects the random effects assumption in favor of the fixed 510 

effects model for the outcome equation. 511 

The direction of the estimated coefficients suggests that the intensity of technology 512 

adoption has a positive and significant effect (p<0.05) on both household expenditure 513 

and food security. Notably, an increase of area covered by the adoption of CS alone 514 

increases the likelihood of higher expenditures by 4% compared with 18% for the 515 

adoption of technical ITK alone (Table 4). Similarly, the probability of belonging to the 516 

borderline diet food consumption group increases by 0.35 and 0.55 with an intensity 517 

of adoption, mainly on plots under CS and ITK, respectively (Table 5). 518 

The adoption of multiple technologies yields even stronger effects. For instance, an 519 

increase of area covered by the ܶݎݎܫ ݔ ܭܶܫ combination increases the probability of 520 

higher expenditure by 53% compared with 46% for ܭܶܫ ݔ ܵܥ (Table 4). An intensity of 521 

adoption of the full package (ܶݎݎܫ ݔ ܭܶܫ ݔ ܵܥ) leads to the highest observed gains: a 522 

58% probability of increased expenditure and an increase of 0.45 points in the 523 

probability of belonging to the acceptable food consumption group (Tables 4 and 5). 524 

Gender-based heterogeneity is also evident. Compared with women, male-headed 525 

households experience greater improvements in both outcomes, particularly for 526 

combinations involving irrigation technologies. In contrast, women benefit more from 527 
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ITK ݕ݈݊݋ and CS ×  ITK but are more likely to remain in the borderline food 528 

consumption categories. Indeed, an increase of 1 ha with adoption of ITK only and CS 529 

x ITK by women implies an increase in the probability of expenditures of 20% and 31% 530 

(table 4), respectively, and a 57% and 76% increase in the probability of belonging to 531 

the borderline food consumption categories (table 5), respectively. 532 

The average treatment effect (ATE) illustrates the increasing marginal gains from 533 

adopting more complex technological packages. Compared with nonadopters, the 534 

adoption of CS, ITK, CS x ITK, ITK x IrrT and CS x ITK x IrrT increases per capita 535 

expenditures by 9%, 26%, 43%, 58% and 82%, respectively (Figure 3). Similarly, the 536 

food security impact—as measured by improvements in the consumption categories—537 

increases with the intensity of technology adoption: an additional area under adoption 538 

increases food security by 8% (CS), 12% (ITK), 17% (CS ×  ITK), 25% (ITK ×  IrrT), 539 

and 36% (ܥS ×  ITK ×  IrrT) (Figure 4). 540 

Fig. 3 541 

 542 

Description: Average partial effect (APE), for Treated (APET), for Untreated (APEU) 543 

(household expenditure outcome) 544 

 545 

 546 
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Fig. 4 553 

 554 

Average partial effect (APE), APET, APEU (household on food security 555 

outcome) 556 

 557 

Several household-level characteristics significantly influence both per capita 558 

expenditure and food security status. 559 

The age of the head of household has a positive and statistically significant effect on 560 

per capita expenditure. As age increases, so does the likelihood of higher expenditure, 561 

with an estimated marginal increase of 33% (p<0.10) (Table 4). Age also positively 562 

affects food security outcomes: the probability of being in the acceptable food 563 

consumption group increases by 0.43 with age, while that of being in the borderline 564 

group increases marginally by 0.10 (Table 5). These results suggest that older 565 

household heads are more likely to engage in behaviors or strategies that enhance 566 

welfare. 567 

An increase in household size is also associated with a higher risk of poor dietary 568 

outcomes with the probability of being classified in the poor food consumption group 569 

increases by 0.73 (Table 5), which is likely due to resource dilution effects in larger 570 

households. 571 

The education level of the household head plays a positive role in welfare outcomes. 572 

Education is associated with a 33% increase in the probability of higher expenditure 573 

(Table 4) and a 0.71 increase in the probability of belonging to the acceptable food 574 

consumption group (Table 5). However, it also slightly increases the probability of 575 
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falling into the borderline group by 0.21, possibly reflecting transitional consumption 576 

behaviors among newly educated farmers. 577 

Access to extension services and group membership significantly improve welfare 578 

outcomes, increasing the probability both of higher expenditures and of being in the 579 

acceptable consumption category. These results underscore the importance of social 580 

capital and information diffusion. 581 

Access to credit positively influences welfare indicators: it increases per capita 582 

expenditure by 52% (Table 4) and the probability of being in the acceptable food 583 

security group by 0.43 (Table 5). 584 

Engagement in nonagricultural income-generating activities significantly improves 585 

both dimensions of welfare. It increases the probability of increased expenditure by 586 

52% and the likelihood of being in the acceptable food group by 0.41 (Tables 4 and 587 

5), reflecting income diversification benefits. 588 

The size of the cultivated vegetable plot and proximity to markets are both positively 589 

and significantly associated with higher per capita expenditure and food security. 590 

Larger farm areas and better market access increase household income and diet 591 

quality (Tables 4 and 5). 592 

Practices such as livestock keeping and land ownership are also positively associated 593 

with improved outcomes, suggesting asset-based resilience. 594 

Participation in the project intervention is strongly correlated with a 57% increase in 595 

the probability of higher expenditure (table 4). Furthermore, price variations in key 596 

vegetables significantly influence household welfare: an increase in the price of 597 

tomatoes, chili peppers, and onions increases the probability of higher expenditures 598 

by 57%, 33%, and 21%, respectively (Table 5). These findings reflect the income effect 599 

of favorable output prices on producer welfare. 600 

Table 4. Fixed effect correlated random coefficient (household expenditure 601 

outcome). 602 

Control function Approach Latent factor Approach 

Variable Coef. ME Variable Coef. ME 

CS 0.06*** 0.03*** CS 0.08 *** 0.04 *** 

ITK 0.26*** 0.15*** ITK 0.29*** 0.18 *** 

CS x ITK 0.44*** 0.28*** CS x ITK 0.43 *** 0.46 *** 

ITK x IrrT 0.57*** 0.51*** ITK x IrrT 0.59 *** 0.53 *** 

CS x ITK x IrrT 0.77*** 0.53*** CS x ITK x IrrT 0.81*** 0.58*** 

Interaction terms D # characteristics Interaction terms D # characteristics 
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Control function Approach Latent factor Approach 

Variable Coef. ME Variable Coef. ME 
(CS)# Man-
headed 
household 

0.05* 0.12* (CS)x Man-
headed 
household 

0.08* 0.16* 

(ITK)# Man-
headed 
household 

-0.15** -0.21** (ITK) x Man-
headed 
household 

-0.17* -0.20* 

(CS x ITK) # Man-
headed 
household 

-0.27 -0.22 (CS x ITK) x 
Man-headed 
household 

-0.32* -0.31* 

(ITK x IrrT) # 
Man-headed 
household 

0.62 0.49 (ITK x IrrT) x 
Man-headed 
household 

0.59** 0.52** 

(CS x ITK x IrrT) # 
Man-headed 
household 

0.64 0.58 (CS x ITK x IrrT) 
x Man-headed 
household 

0.65** 0.76** 

࢚૛૙૛૛ 0.42** 0.22** ࢚૛૙૛૛ 0.44* 0.33* 

Man-headed 
household 

0.42*** 0.15*** Man-headed 
household 

0.54* 0.21* 

Age of household 
head 

0.09 0.32 Age of 
household head 

0.14* 0.33* 

Family Household 
size 

0.14 0.52 Family 
Household size 

0.11 0.79 

Education 0.56 0.21 Education 0.62* 0.33* 

Contact extension 
structure 

0.36*** 0.42*** Contact 
extension 
structure 

0.38*** 0.63*** 

Membership of a 
group 

0.27** 0.54** Membership of 
a group 

0.31** 0.63** 

Access to credit 0.04* 0.33* Access to credit 0.09** 0.52** 

Area for 
vegetable garden 
farms 

0.11* 0.12* Area for 
vegetable 
garden farms 

0.17* 0.23* 

Extra activity 0.88** 0.44** Extra activity 0.84* 0.52* 

Distance market -0.31 -0.15 Distance market -0.33*** -0.15*** 

Livestock 0.10 0.25 Livestock 0.13* 0.33* 

Plot ownership 0.66 0.21 Plot ownership 0.66*** 0.35*** 

Participation to 
Project 

0.61*** 0.33*** Participation to 
Project 

0.62*** 0.57*** 

Price Tomato 0.42* 0.29 * Price Tomato 0.46** 0.36** 

Price Chili pepper 0.25*** 0.22*** Price Chili 
pepper 

0.24*** 0.33*** 

Price Onion 0.15 0.16 Price Onion 0.19* 0.21* 

Interaction terms 

D # ̅ࡰ 

     ***0.13 (ITK x IrrT) ߠ     **0.05 (CS x ITK) ߠ     0.05 (ITK) ߠ     *0.03 (CS)ߠ     
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Control function Approach Latent factor Approach 

Variable Coef. ME Variable Coef. ME ߠ (CS x ITK x 

IrrT) 

0.17     

Control function  Latent factors 
L 

  ℎ(ߛ௜௧)(CS) 0.12***  ࣃ L2 0.06***  ℎ(ߛ௜௧)(ITK) 0.09***  ࣃ L3 0.07***  ℎ(ߛ௜௧)(CS x ITK) 0.31***  ࣃ L4 0.22*  ℎ(ߛ௜௧)(ITK x IrrT)) 0.15***  ࣃ L5 0.18**  ℎ(ߛ௜௧)(CS x ITK x IrrT) 0.21***  ࣃ L6 0.06***  

Interaction terms 
D # control 
function  

  Interaction 
terms D # 
latent factors L 

  

ℎ(ߛ௜௧)(CS)# (CS) 0.17***  L2L3#CS 0.24*  ℎ(ߛ௜௧)(ITK)# (ITK) 0.16  L2L4#CS -0.07**  ℎ(ߛ௜௧)(CS x ITK)#(C

S x ITK) 

0.08  L2L5#CS 0.03  ℎ(ߛ௜௧)(ITK x IrrT))#(

ITK x IrrT) 

0.27***  L2L6#CS 0.01  ℎ(ߛ௜௧)(CS x ITK x IrrT)
#(CS x ITK x IrrT) 

0.12***  L3L4#CS 0.08  

   L3L5#CS -0.11  
   L3L6 #CS 0.14***  
   L4L5#CS 0.09  
   L4L6 #CS -0.02*  
   L5L6 #CS 0.00  
   L2L3#ITK 0.01  
   L2L4#ITK 0.04*  
   L2L5#ITK 0.01  
   L2L6#ITK 0.00  
   L3L4#ITK 0.02  
   L3L5#ITK 0.12  
   L3L6#ITK 0.03  
   L4L5#ITK 0.33***  
   L4L6#ITK 0.05  
   L5L6#ITK -0.03  
   L2L3#CS x ITK 0.13  
   L2L4#CS x ITK -0.00  
   L2L5#CS x ITK 0.18**  
   L2L6#CS x ITK 0.06  
   L3L4#CS x ITK 0.28**  
   L3L5#CSxITK 0.51**  
   L3L6#CSxITK -0.14   
   L4L5#CS x ITK 0.00  
   L4L6#CSxITK 0.01  
   L5L6#CSxITK 0.06***  
   L2L3# ITK x IrrT -0.15**  
   L2L4# ITK x IrrT 0.00  
   L2L5# ITK x IrrT 0.04  
   L2L6# ITK x IrrT 0.00  
   L3L4# ITK x IrrT 0.73**  
   L3L5# ITK x IrrT 0.06  
   L3L6# ITK x IrrT 0.23*   
   L4L5# ITK x IrrT -0.01  
   L4L6# ITK x IrrT 0.22  
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Control function Approach Latent factor Approach 

Variable Coef. ME Variable Coef. ME 
   L5L6 # ITK x 

IrrT 
0.08*  

   L2L3# CS x ITK 
x IrrT 

0.09  

   L2L4# CS x ITK 
x IrrT 

0.12**  

   L2L5 # CS x ITK 
x IrrT 

0.19   

   L2L6#CS x ITK 
x IrrT 

-0.05  

   L3L4# CS x ITK 
x IrrT 

0.02*   

   L3L5 # CS x ITK 
x IrrT 

-0.00  

   L3L6 # CS x ITK 
x IrrT 

0.14**   

   L4L5 # CS x ITK 
x IrrT 

0.28***   

   L4L6 # CS x ITK 
x IrrT 

0.04  

   L5L6 # CS x ITK 
x IrrT 

0.05  

Constant 0.64***  Constant 0.73***  

N observation 1200  N observation 1200  
Log 
pseudolikelihood 

-706.85  Log 
pseudolikelihoo
d 

-795.14  

Pseudo R2 0.51  Pseudo R2 0.62  
Wald test for joint 
significance of 
coefficients of 
interaction terms: 
(all interaction 
terms = 0) 

Chi2 
(61)=12.96*
** 

 Wald test for 
joint significance 
of coefficients of 
interaction 
terms: (all 
interaction terms 
= 0) 

Chi2 
(103)=85.33*** 

 

   Hausman test z 
statistic of H0: 
no endogeneity 

CS: 0.08 
ITK: 0.64 
CS x ITK: -
2.77 
ITK x IrrT : 
0.86 
CS x ITK x IrrT 
: -1.17 

 

   z statistic: H0: 
(variance of 
over-dispersion 
term) 

5.71  

Goodness-of-fit 

test (Hosmer-

Lemeshov test) 

Chi2(61)= 5.02  Goodness-of-fit 

test (Hosmer-

Lemeshov test) 

Chi2(103)= 
3.15 

 

Note: *** p < 0.01; * * p < 0.05; * p < 0.1 603 
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Table 5. Fixed effect random correlated coefficient (household on food security outcome). 604 

Variables Control function Latent factor 

Coef. Elasticity  Coef. 
 

Elasticity 

Poor 
diet 

Borderlin
e diet 

Acceptabl
e diet 

Poor 
diet 

Borderline 
diet 

Acceptable 
diet 

CS 0.07*** 0.21 0.26* 0.07 CS 0.07** 0.19** 0.35* 0.06 

ITK 0.11*** 0.07 0.31** 0.08* ITK 0.12*** 0.13 0.55** 0.10*** 

CS x ITK 0.13*** 0.09 0.39** 0.13 CS x ITK 0.19*** 0.18 -0.13 0.15*** 
ITK x IrrT 0.21*** -0.26 0.36 0.24*** ITK x IrrT 0.25** -0.13** 0.11 0.36** 
CS x ITK x IrrT 0.33*** 0.11 0.27 0.38*** CS x ITK x IrrT 0.36*** 0.12 0.45 0.45*** 
Interaction terms D # characteristics  Interaction terms D # characteristics 
(CS)x Man-headed 
household 

0.03** 0.25 0.09 0.09* (CS)x Man-headed 
household 

0.04 0.33 -0.15*** -0.83 

(ITK) x Man-headed 
household 

0.17 0.22 0.44 0.05* (ITK) x Man-headed 
household 

-0.11 0.12 -0.57** 0.03*** 

(CS x ITK) x Man-
headed household 

0.15 -0.15 0.32** 0.31** (CS x ITK) x Man-
headed household 

0.17*** -0.05* -0.76*** 0.07 

(ITK x IrrT) x Man-
headed household 

0.24*** -0.09 0.19 0.43*** (ITK x IrrT) x Man-
headed household 

0.29* 0.61 0.25** 0.56* 

(CS x ITK x IrrT) x 
Man-headed 
household 

0.28* 0.28 0.21 0.46*** (CS x ITK x IrrT) x 
Man-headed 
household 

0.31** -0.48 0.06 0.65** 

࢚૛૙૛૛ 0.27 0.05** 0.12 0.51* ࢚૛૙૛૛ 0.29*** 0.26 0.49 0.43*** 
Man-headed 
household 

0.19 0.05 0.17 0.09 Man-headed 
household 

0.26*** -014 0.08 0.34** 

Age of household 
head 

-0.07 0.10 0.16*** 0.32** Age of household 
head 

-0.07 0.25 0.10* 0.43* 

Income  0.38** 0.05 0.24*** 0.57** Income 0.39* 0.08 
(0.06) 

0.37 0.44** 

Education 0.08 0.12 0.26*** 0.57** Education 0.12 0.03 0.21** 0.71* 
Family Household size -0.10 0.53 0.59 0.04 Family Household 

size 
-0.13*** 0.73** -0.08 0.07 

Contact extension 
structure 

0.58** 0.12 0.18 0.71*** Contact extension 
structure 

0.56*** 0.18 0.01 0.93** 

Membership of a 
group 

0.52** 0.22 0.62*** 0.76*** Membership of a 
group 

0.58** 0.01 0.04 0.81** 

Access to credit 0.33 0.07 0.08*** 0.35*** Access to credit 0.32 -0.97 0.09** 0.43** 
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Variables Control function Latent factor 

Coef. Elasticity  Coef. 
 

Elasticity 

Poor 
diet 

Borderlin
e diet 

Acceptabl
e diet 

Poor 
diet 

Borderline 
diet 

Acceptable 
diet 

Area for vegetable 
garden farms 

0.26* 0.04 0.73 0.41*** Area for vegetable 
garden farms 

0.33* 0.41 0.04 0.74*** 

Extra activity 0.15** 0.14 0.05 0.32** Extra activity 0.17** 0.04 0.12 0.41** 
Distance to market -0.54 0.20 0.04 -0.38* distance to market -0.61*** -0.98 0.08 -0.50* 
Livestock 0.06 0.05 0.07 0.13 Livestock 0.09** 0.27 0.58** 0.19 
Participation to Project 0.39** 0.07 0.17* 0.39*** Participation to 

Project 
0.46** 0.05 0.03 0.50** 

Interaction terms D # ̅ࡰ 
 

         *0.09 (CS x ITK x IrrT) ߠ         **0.28 (ITK x IrrT) ߠ         *0.34 (CS x ITK) ߠ         0.13 (ITK) ߠ         ***0.27 (CS)ߠ      

Control function   Latent factors L   ℎ(ߛ௜௧)(CS) 0.43**    L2L3_CS 0.15    ℎ(ߛ௜௧)(ITK) 0.09***    L2L4_CS 0.15***    ℎ(ߛ௜௧)(CS x ITK) 0.06**    L2L5_CS -0.09*    ℎ(ߛ௜௧)(ITK x IrrT)) 0.09***    L2L6_CS -0.41    ℎ(ߛ௜௧)(CS x ITK x IrrT) 0.12*    L3L4_CS 0.09*    

Interaction terms D # control function Interaction terms D # latent factors L ℎ(ߛ௜௧)(CS)x (CS) -0.33    L3L5 _CS 0.16    ℎ(ߛ௜௧)(ITK)x (ITK) 0.16**    L3L6 _CS 0.07*    ℎ(ߛ௜௧)(CS x ITK)x(CS x 

ITK) 

0.06**    L4L5 _CS 0.58*    ℎ(ߛ௜௧)(ITK x IrrT))x(ITK x 

IrrT) 

0.14**    L4L6 _CS 0.12    ℎ(ߛ௜௧)(CS x ITK x IrrT)x(C

S x ITK x IrrT) 

-0.08***    L5L6 _CS 0.03*    
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Variables Control function Latent factor 

Coef. Elasticity  Coef. 
 

Elasticity 

Poor 
diet 

Borderlin
e diet 

Acceptabl
e diet 

Poor 
diet 

Borderline 
diet 

Acceptable 
diet 

     L2L3_ITK 0.01    
     L2L4_ITK -0.00    
     L2L5_ITK 0.12**    
     L2L6_ITK 0.01***    
     L3L4_ITK 0.15    
     L3L5_ITK -0.00    
     L3L6_ITK -0.12**    
     L4L5_ITK -0.72    
     L4L6_ITK 0.15    
     L5L6_ITK 0.08    
     L2L3_ CS x ITK 0.07    
     L2L4_ CS x ITK 0.14**    
     L2L5_ CS x ITK -0.02    
     L2L6_ CS x ITK 0.18    
     L3L4_ CS x ITK 0.63***    
     L3L5_CSxITK 0.17    
     L3L6_CSxITK -0.09    
     L4L5 _ CS x ITK -0.57*    
     L4L6_CSxITK 0.07**    
     L5L6_CSxITK 0.47    
     L2L3_ ITK x IrrT 0.00    
     L2L4_ ITK x IrrT -0.05    
     L2L5_ ITK x IrrT 0.37*    
     L2L6_ ITK x IrrT -0.89*    
     L3L4_ ITK x IrrT 0.01    
     L3L5 _ ITK x IrrT 0.08*    
     L3L6 _ ITK x IrrT 0.06    
     L4L5 _ ITK x IrrT 0.13***    
     L4L6 _ ITK x IrrT 0.55***    
     L5L6 _ ITK x IrrT 0.08*    
     L2L3_ CS x ITK x 

IrrT 
0.00    

     L2L4_ CS x ITK x 
IrrT 

-0.01    
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Variables Control function Latent factor 

Coef. Elasticity  Coef. 
 

Elasticity 

Poor 
diet 

Borderlin
e diet 

Acceptabl
e diet 

Poor 
diet 

Borderline 
diet 

Acceptable 
diet 

     L2L5_ CS x ITK x 
IrrT 

-0.13*    

     L2L6_ CS x ITK x 
IrrT 

0.02    

     L3L4_ CS x ITK x 
IrrT 

0.08**    

     L3L5 _ CS x ITK x 
IrrT 

0.06    

     L3L6 _ CS x ITK x 
IrrT 

0.17*    

     L4L5 _ CS x ITK x 
IrrT 

0.03*    

     L4L6 _ CS x ITK x 
IrrT 

0.09    

     L5L6 _ CS x ITK x 
IrrT 

-0.41***    

Constant 0.24***    Constant 0.41***    
Cut1 0.23     0.36    
Cut2 0.55     0.45    
N observation 1200    N observation 1200    
Log pseudolikelihood -883.46    Log 

pseudolikelihood 
-807.55    

Pseudo R2 0.44    Pseudo R 2 0.62    
Wald test for joint 
significance of 
coefficients of 
interaction terms: (all 
interaction terms = 0) 

Chi2 
(61)=23.04**
* 

   Wald test for joint 
significance of 
coefficients of 
interaction terms: 
(all interaction terms 
= 0) 

Chi2 
(103)=6.08*
** 

   

     Hausman test z 
statistic of H0: no 
endogeneity 

CS:2.62 
ITK: 1.63 
CS x ITK: -
0.27 
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Variables Control function Latent factor 

Coef. Elasticity  Coef. 
 

Elasticity 

Poor 
diet 

Borderlin
e diet 

Acceptabl
e diet 

Poor 
diet 

Borderline 
diet 

Acceptable 
diet 

ITK x IrrT : 
0.78 
CS x ITK x 
IrrT : 3.58 

     z statistic: H0: 
(variance of over-
dispersion term) 

4.01    

Goodness-of-fit test 
(Hosmer-Lemeshov 
test) 

Chi2(61)= 5.02    Chi2(103)= 3.15  

Note: *** p < 0.01; * * p < 0.05; * p < 0.1; 605 

 606 

 607 

 608 
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 609 

5 Discussion 610 

The empirical findings reveal that compared with nonadopters, the intensity of 611 

adoption of improved agricultural practices, either individually or in combination, 612 

significantly enhances annual per capita expenditure and food security outcomes over 613 

time. The temporal effects captured by the models suggest that production and 614 

marketing conditions were generally favorable during the study period, partly because 615 

of the implementation of various programs aimed at improving physical access to 616 

markets and installing postharvest infrastructure[3]. 617 

• Effectiveness of technology adoption 618 

Among standalone technologies, the intensity of adoption of technical ITK generates 619 

greater welfare gains than that of CS alone. This finding indicates that failing to follow 620 

appropriate agricultural practices undermines the performance potential of improved 621 

seed varieties—despite their proven resistance to climatic variability and pests[12]. 622 

When CS is applied without ITK, the benefits in term of production are marginal. 623 

Consequently, the probability of increased expenditures and improved food 624 

consumption remains low. 625 

The APEs are notably higher for bundled interventions, especially those involving 626 

irrigation (ITK x IrrT;  CS x ITK x IrrT). Irrigation emerges as a critical mechanism for 627 

buffering households against climatic shocks, thereby improving food security. These 628 

results are consistent with previous evidence from [56], [57] and [13], which highlights 629 

the complementarities among technologies and the resilience-enhancing role of 630 

irrigation. 631 

• Gender-differentiated impacts 632 

The impact of the technology adoption intensity varies by gender. Male-headed 633 

households consistently exhibit higher levels of food expenditure, particularly in zones 634 

characterized by better access to irrigation infrastructure and high agricultural 635 

productivity [3]. In contrast, female-headed households benefit more from adopting 636 ITK or CS ×  ITK but are less likely to access irrigation technologies because of 637 

persistent gender disparities in resource access, including land, credit, and extension 638 

services. These disparities are rooted in structural barriers and traditional norms, 639 

which limit women’s participation in and benefits from agricultural innovation. Similar 640 
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findings are reported by Abdullah et al. [58], who underscore the vulnerability of 641 

women-headed households to food insecurity. 642 

• Socioeconomic determinants of welfare 643 

The results indicate that age is positively associated with both per capita expenditure 644 

and food security. Older household heads are more likely to possess diverse skills, 645 

accumulated [59], [60] experience, and access to productive networks, enabling them 646 

to diversify their income sources. However, these findings contrast with those of the 647 

studies using cross-sectional data, namely [61] and [11] which report that older heads 648 

are more prone to poverty because of declining productivity. In our panel framework, 649 

age likely captures a cumulative advantage effect [62]. 650 

Similarly, household size is associated with higher expenditures but is also linked to a 651 

higher probability of food insecurity, supporting the view that larger households face 652 

resource constraints despite higher overall spending [59], [60].  653 

Education, group membership, and contact with extension services significantly 654 

improve both outcomes. Education enhances awareness and the uptake of good 655 

agricultural practices and high-quality inputs [63]. Furthermore, group membership 656 

and extension access facilitate knowledge sharing and reduce transaction costs in 657 

accessing technologies [64]. These findings support stronger investment in 658 

agricultural advisory services, particularly for smallholder farmers. 659 

• Financial and market access 660 

Access to credit is strongly associated with improved welfare. It enables investment in 661 

both agricultural and nonagricultural income-generating activities, which is consistent 662 

with the findings of [65] and [66]. Similarly, the expansion of nonfarm economic 663 

activities increases household resilience and expenditure. 664 

The size of the vegetable plot and proximity to markets are also positively correlated 665 

with household welfare. Increased land under cultivation allows for economies of 666 

scale, while market access facilitates better price realization and reduces postharvest 667 

losses. This result reinforces the findings of [16], who demonstrate the importance of 668 

spatial and scale variables in smallholder outcomes. 669 

• Land tenure and livestock ownership 670 

Secure land tenure plays a crucial role in stimulating investment and productivity. 671 

Households with plot ownership are more likely to engage in long-term planning and 672 

adopt yield-enhancing technologies [56]. Similarly, livestock ownership enhances 673 



 

 

36 

household resilience through asset diversification, acting as a buffer against food 674 

insecurity. These findings support the promotion of integrated crop‒livestock systems 675 

as a pathway toward sustainable intensification. 676 

• Price effects 677 

Finally, rising output prices for key vegetables (tomato, chili pepper, and onion) 678 

significantly improve producers' welfare through increased margins. However, as [67] 679 

note, smallholders are both producers and consumers, making price volatility a 680 

double-edged sword with important implications for food security at the global scale. 681 

 682 

6 Conclusion and Policy Implications 683 

In recent years, national and international institutions have implemented diverse policy 684 

interventions to strengthen  685 

productivity and market participation, increasing incomes and employment 686 

opportunities throughout the value chain, as well as welfare. This study contributes to 687 

the literature by using panel data to rigorously assess the heterogeneous effects of 688 

the intensity of adoption of CS, ITKs, IrrTs and their combinations on household welfare 689 

and food security in vegetable-producing regions of Benin. 690 

The results provide strong empirical evidence that these technologies, particularly 691 

when adopted in combination, generate significant improvements in per capita and 692 

food consumption outcomes. Unlike many previous studies based on cross-sectional 693 

data, our panel approach captures dynamic effects over time and thereby better 694 

accounts for unobserved heterogeneity and selection bias. 695 

The findings have several key implications: 696 

• Respecting technical itineraries is essential for maximizing the benefits of improved 697 

seeds. ITK should be disseminated through farmer field schools, extension 698 

services, and community-based learning mechanisms. 699 

• Technology alone is not sufficient. Access to quality inputs (fertilizers, seeds), 700 

diversification into livestock and nonfarm activities, and respect for technical 701 

guidance are all necessary for sustained improvements. The synergistic effect of 702 

adopting CS ×  ITK ×  IrrT yields the largest gains, suggesting that programs 703 

should encourage integrated technology packages rather than isolated 704 

interventions. 705 
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• Policy should promote enabling conditions. Measures that enhance education, 706 

facilitate access to credit, support the formation of producer cooperatives, and 707 

strengthen extension services are essential for widespread adoption. Particular 708 

attention must be given to vulnerable groups—especially women and young 709 

people—through targeted support schemes. 710 

• Secure land tenure is a cornerstone of agricultural investment. Consistent with 711 

prior studies, our findings suggest that land ownership increases household 712 

welfare and food security. This insight highlights the need to formalize land rights—713 

through the expansion of rural land certification—and support tenure systems that 714 

empower farmers to invest in long-term productivity-enhancing technologies. 715 

• Structural transformation of the vegetable sector is needed. Strengthening value 716 

chain linkages and promoting price stabilization mechanisms—such as minimum 717 

support prices or buffer stocks—can encourage smallholder investments and 718 

shield them from market volatility. 719 

• Nutrition education must accompany income gains to ensure that increased 720 

resources translate into improved diet quality. Programs that integrate nutritional 721 

messaging with agricultural extension may increase the adoption of diverse and 722 

nutrient-rich food baskets. 723 

• Study limitations and future research. Future research should explore the temporal 724 

dynamics of impact, the role of fertilizer combinations (organic vs. inorganic), and 725 

potential environmental externalities—such as improvements in soil health and 726 

ecosystem resilience—associated with sustainable technology adoption. 727 

Overall, this study reinforces the central role of context-specific and inclusive 728 

agricultural innovations in enhancing rural welfare and food security. Scaling such 729 

interventions while addressing gender, institutional, and agro-ecological constraints 730 

remain a critical priority for policymakers across sub-Saharan Africa. 731 
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