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Abstract

Food security remains a persistent challenge in sub-Saharan Africa, and sustainable
agricultural intensification has been proposed as a promising strategy to improve both
agricultural productivity and household welfare. However, there is limited empirical
evidence on the heterogeneous welfare effects of the intensity of adopting multiple
sustainable agricultural practices, particularly when these technologies are
implemented individually or in combination. This study addresses this gap by
examining the welfare impacts of certified seeds (CS), improved technical itineraries
(ITK), and irrigation systems on annual per capita expenditure and the Food
Consumption Score (FCS) among vegetable farm households in southern Benin. The
analysis uses an unbalanced three-round panel dataset collected in 2018, 2020, and
2022. It estimates heterogeneous effects of multiple treatments in the presence of the
endogeneity with respect to both time-constant and time-varying unobserved
heterogeneity and selection on idiosyncratic gains. Accordingly, a panel-data fixed-
effects endogeneity-corrected correlated random coefficients model combined with a
latent factor approach is used. The main findings are that the largest effects on per
capita expenditure (an average partial effect of 82%) were obtained with an increase
in the area covered by the adoption of the three technologies combined, especially in
the presence of an irrigation system. Similarly, an increase of area under the three
combined technologies increases the probability of achieving an acceptable FCS by
0.45 points, specifically among male-headed farm households. The findings have
important policy implications for designing targeted agricultural programs that promote
complementary technology packages and account for household heterogeneity to

maximize welfare.

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

endogenous variable; correlated random coefficients model; southern Benin.
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1 Introduction

In recent decades, agricultural interventions in West African countries have focused
primarily on staple and cash crops such as maize, rice, cassava and cotton [1], [2]. In
contrast, the vegetable farming subsector has comparatively received limited
attention, despite its significant potential to enhance food and nutritional security,
stimulate economic growth, and generate employment, particularly for young people
and women in Benin [3].

In Benin, the vegetable sector has experienced sustained growth in recent years. It
accounted for approximately 15.11% of agricultural gross domestic product (GDP) in
2024[4], with more than 333,734 farmers engaged in vegetable production as of 2019.
Total production reached 717,365 tons during the 2023-2024 season, representing a
6.2% increase over that of the previous year [4]. Despite this expansion, the sector
continues to face structural constraints, including limited access to quality inputs such
as certified seeds (CS), inadequate irrigation infrastructure, insufficient technical
knowledge and weak value chain integration [1], [3].In response, the government of
Benin, supported by development partners and nongovernmental organizations, has
prioritized investments in vegetable farming [1], [5]. These interventions promote the
adoption of key agricultural technologies, including CS, improved technical itinerary
knowledge (ITK) (mineral/organic fertilization and certified biopesticides) and irrigation
technology (IrrT) (tube wells, boreholes, and raised boards). These innovations are
expected to enhance vegetable farmers’ welfare through two main pathways: (i)
increasing productivity and market participation, leading to higher incomes and
employment opportunities along the value chain, and (ii) improving household food
availability and dietary diversity, contributing to better nutritional outcomes and long-
term human capital development [6].

Despite these efforts, rigorous empirical evidence on the welfare impacts of such
interventions remains limited, particularly interventions targeting irrigation systems,
CS access and improved technical itineraries. This study addresses several critical
gaps in the literature in four main ways.

The first limitation is that the literature predominantly evaluates single technologies in
isolation, despite the fact that vegetable farmers typically combine complementary
innovations such as certified seeds, improved technical practices, and irrigation [7].

As a result, little is known about whether these technologies generate complementary
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or synergistic welfare effects when adopted jointly or whether their impacts depend on
the intensity of adoption.

A second limitation concerns the measurement of welfare, previous studies on
vegetable production in developing countries have mainly focused on yield and
marketing efficiency [8], [9], income, poverty and food security using cross-sectional
data [2], [10], [11], [12], [13]. While these studies report positive outcomes, these
indicators conventionally used do not fully capture broader dimensions of household
well-being, such as food consumption, education, and living conditions. Moreover,
yield-based measures are difficult to standardize in diversified vegetable systems
involving multiple crops (e.g., onion, tomato, pepper, lettuce, amaranth, and carrot)
[2]. Consequently, there is limited evidence on how technology adoption
simultaneously affects both the economic and nutritional dimensions of household
welfare though annual per capita consumption expenditure and the food consumption
score (FCS) indicators as recommended by [2] and [14]. Third, very few studies
explicitly consider the intensity of adoption in the vegetable sector, which is typically
proxied by the share of cultivated areas allocated to specific technologies. This study
advances the literature by analyzing the welfare effects of both single and combined
technologies while explicitly accounting for adoption intensity in the vegetable sector.
Fourth, unlike most prior studies relying on cross-sectional data, this analysis exploits
a multiwave panel dataset, thus allowing for a more robust identification of causal
effects over time [2], [15]. Cross-sectional designs are prone to selection bias and fail
to adequately control for unobserved heterogeneity, thereby potentially leading to
biased estimates [16], [17]. Panel data offer a critical advantage by enabling the
control of both time-invariant and time-varying unobserved heterogeneity, particularly
in contexts where farmers self-select into technology adoption based on latent
characteristics such as ability, motivation, and expectations of future gains [18]. This
dynamic selection process induces endogeneity, as adoption decisions are correlated
with anticipated welfare improvements. To control time-invariant unobserved
heterogeneity, the correlated random effects (CRE) or fixed effects approach is
typically used, mainly in the context of panel data [19], [20], [21]. However, the CRE
commonly used in nonlinear models is considered complementary to fixed effects and
has limitations since it is applicable to situations with short panels and small samples,
implying arbitrary time heterogeneity and dependence [21].Thus, we apply a

combination of econometric techniques, specifically fixed effects models for controlling
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time-invariant unobserved heterogeneity commonly used in linear models addressing
the linear nature of the intensity of adoption variable, and control function / latent factor
models that control time-varying unobserved heterogeneity and address potential
endogeneity and selection bias following the recommendations of [18], [19], [20], [22].
In fact, control function and latent factor approaches are more efficient than traditional
instrumental variable (IV) methods when dealing with heterogeneous and multiple
endogenous treatment effects, as demonstrated by [23] and [24].

The remainder of the paper is organized as follows. Section 2 presents the theoretical
framework. Section 3 details the methodology. Section 4 presents the empirical
results, and Section 5 discusses them. Finally, Section 6 concludes the paper and

offers policy recommendations.

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

Household-level pathways

This study builds on a conceptual impact pathway that provides a comprehensive
understanding of how vegetable-based interventions influence household welfare
through food production, income generation, and women empowerment pathways
[25]. The model emphasizes the role of farm-household access to integrated
vegetables intervention packages, which include the provision of certified seeds of
improved varieties, irrigation systems and training in optimal agronomic practices,
such as the use of biopesticides, biofertilizers, and organic manure.

The analysis focuses on vegetable-producing households, as they serve as both
production and consumption units within the rural economy. Due to the presence of
imperfect markets for food commodities and production inputs, particularly labor,
production and consumption decisions are interlinked. Thus, a non-separable
agricultural household model is adopted to reflect the dual roles and constraints faced
by these households.

Our theoretical framework is grounded in the agriculture-nutrition impact pathway
described by [6], [26], [27]. Households’ welfare is proxied by two key outcomes: food
security status and household consumption expenditure [28]. The conceptual model
integrates three primary pathways: 1) food production pathway, 2) income generation

pathway and 3) women’s empowerment pathway [26].
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These pathways provide a structured lens through which the behavioural changes
induced by vegetable interventions can be linked to improvements in household
welfare outcomes. The sustainability of these impacts depends on the extent to which
farmers adopt improved practices. A visual illustration of the adapted framework is
provided in Figure 1, derived from [26], emphasizing its relevance to food security and
consumption dynamics.

The model assumes that targeted farmers receive a comprehensive vegetable
intervention package. Enhanced access to modern production inputs (fertilizers,
pesticides, and improved seeds), along with training on their optimal use, is expected
to reduce production costs and boost yields. Adoption of improved agronomic
practices further augment vegetable productivity [6]. Higher productivity leads to
surplus production, enabling farmers to sell excess output and generate farm income.
The income pathway posits that increases in net farm income enhance the
households’ purchase power, enabling access to more diverse and nutritious food.
Income may also be reinvested in other food crops enterprises, fostering diversified
and resilient household diets. Thus, improved food availability and access translate
into greater household food security. The direct cultivation of staple and nutrient-rich
crops remains a central strategy to increase food availability at the household level.
Moreover, net farm income positively influences both food and non-food consumption
expenditures, reflecting its broader effect on household well-being [6], [14], [26].

The women’s empowerment pathway constitutes a critical mediating mechanism
within this framework. Women are actively engaged across all segments of the
vegetable value chain, from production to marketing, and control over resources and
income significantly shapes household expenditure patterns. Evidence indicates that
women-controlled income is more likely to be allocated toward food and health-related
expenses [26]. Furthermore, vegetable production interventions may reduce women’s
time burdens by improving efficiency in farm and household tasks. Time saving enable
investment in caregiving and food preparation activities, thereby enhancing the
nutritional well-being of women and children. Empowering women thus emerges as a
critical leverage point for advancing food security and household welfare [6].

At the meso- and macro-levels, these three pathways are shaped by enabling
environment, which includes factors such as the food market system, natural resource
base, infrastructure, cultural norms, and knowledge systems[26]. Agricultural policies

and development interventions can either reinforce or constrain these pathways,
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180 implementation of vegetable-based development programs [26].
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3

3.1.

Materials and Methods

Identification strategy of bias

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

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

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

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

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

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

specific alternative m is expressed as follows:

Pn = Pr(Dp;e =m) = F}'(xit‘sm)'m =0,,5

(1)
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where F;() is the cumulative distribution function of the error term and observed

variables x;;.

Various specifications for F; correspond to specific models, namely the multinomial
logit, nested logit, multinomial probit, ordered, sequential, and multivariate models for
the polychotomous endogenous treatment case [31].

Under the generalized Roy model and assuming linearity, at time t, the welfare
outcome Y equation for alternative combinations of multiple vegetable interventions m
is given [18], [22] as follows:

Yoir = @o¢ + xitfo + Cio + Uo;

Yiit = Qe + XitPm + Cim YUy Vi=1,- N andt=1,---,T (2)
where Y,;; is the potential outcome that economic agent i would obtain at time t if he
is not assigned to any alternative combination of vegetable intervention (m = 0), Y,,,;;
is the potential outcome that person i would obtain at time ¢ if assigned to an alternative
combination of vegetable intervention, m(m =1,---,5), a,; and a,,; are the time-
specific intercepts common in panel data applications [32], and x;;; is a vector of
various explanatory variables[18]. The time-constant unobserved heterogeneity
across units in the six regimes is captured by c;;, and c;;,,- The idiosyncratic errors
are captured by uy; and u,,;.

In this study, we also assume heterogeneous treatment effects and selection on the
gain [33]. To take this hypothesis into account, some interaction terms of a subset of
demeaned explanatory variables x;; with the dummy adoption variable D;, are
included in the model. The impact of adopting vegetable interventions on welfare (y;)
is accordingly expressed in equation (2) as a function of an intercept (1), the
demeaned explanatory variables of x;, such as socioeconomic demographic
characteristics, the deflated consumer price index and unobserved heterogeneity (c;),
and the ability and motivation of the vegetable farmers included in the idiosyncratic
error (&;) [34]. Accordingly, the expected impact is expressed following Imbens and
Wooldridge [18]:

Yiie = Bro + XitPm + Dmit A+ Dpie (e — Xie)8 + @y + ¢ + D& + Upm (3)
The model in Eq. (3) with Roy selection is commonly referred to as a correlated
random-coefficient model because the coefficient on D,,;; is an unobserved random
variable that is permitted to be arbitrarily dependent on D,,;; itself [33]. The most

important assumption for Eq. (3) to determine a consistent causal effect of the

9
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vegetable intervention adoption variable D,,;; on household welfare outcomes is that
of the strict exogeneity of the covariates. Therefore, any correlation between the
explanatory variables and the composite error term of Eq. (3) is ruled out [33], [34].
The difficulty in identifying Eq. (3) arises in the presence of unobserved constant
heterogeneity, endogenous variables and selection into treatment. If the
noncorrelation assumption is invalid, then the variable D,,;; is said to be endogenous.
The endogeneity of the regressors makes the estimators inconsistent and results in
inappropriate inferences.

This study considers the endogeneity problem derived from omitted variables that vary
across both farm households and time and are included in the error term of Eq. (3).
The omission of these variables in Eqg. (3) means that they will be incorporated into
the error term (D€ + Ui0)- As a result, the error term is correlated with the adoption
of vegetable interventions variable (D,,,;;), hence violating the exogeneity assumption
[33], [34]. For instance, some farm households have an inherent ability to adopt more
vegetable interventions and to invest more in welfare. This ability might be neither
specifically reported in the data nor proxied by any of the reported variables. Afterward,
the adoption status of vegetable interventions will be correlated with the unobserved
ability component of the error term. This situation results in an upward bias in the
estimated coefficient of the adoption status, as it captures both the direct effect of
adoption and the indirect effect of capability on gains. This example of the effects of
unobserved factors indicates the potential endogeneity of the adoption decisions
variable in the outcome equation, which introduces bias in all the estimated
coefficients. Consequently, in light of the aforementioned biases, a bias-corrected

estimator is necessary.

3.2. Selection of corrected panel data models

Several methods have been developed to control selection bias and endogeneity
stemming from selection on unobservables, including instrument variables (IVs) with
estimators such as the two-stage least squares (2SLS) method and the two-stage
residual inclusion approach, also known as control function approaches, and latent
factor models [15], [23], [35], [36]. Among these, control function methods and latent
factor models are often more efficient than traditional IV techniques are, especially in

the presence of multiple treatments, heterogeneous effects, and self-selection

10
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[24], [31]. Furthermore, Drukker [35] and Heckman [23] demonstrate that latent factor
models can consistently identify treatment effects even in the absence of valid
instruments. Furthermore, they show that the latent factor can be used regardless of
whether the endogenous variables and outcomes are linear or nonlinear. In this case,
we estimate the control function and the latent factor approach separately to select
the appropriate one in this study.

With respect to the control of time-constant and variant unobserved heterogeneity in
the context of panel data, three major approaches are conventionally used depending
on the case, such as fixed effects, CRE and random effects models. Fixed effects
models assume the control of time-invariant unobserved heterogeneity that is
correlated with explanatory variables, while random effects models assume
uncorrelated and potentially time-varying unobserved effects [18]. Unlike CRE models,
fixed effects models are particularly useful when continuous variables are endogenous
and correlated with unobserved heterogeneity in technology use, as is the case in our
study [19].

In light of these considerations, the present study applies a correlated random
coefficient model with fixed effects to control for unobserved heterogeneity,
incorporating a control function on the one hand and a latent factor approach on the
other hand to account for time-varying unobserved heterogeneity, endogeneity and

heterogeneity with multiple continuous endogenous treatments.

3.3. Specification of a fixed effects panel data endogeneity corrected

correlated random-coefficients model

Drawing from the proposed theoretical framework, this study specifies two-system
equations as a joint distribution of a multiple continuous endogenous treatments D;;
equation and a welfare outcome Y;;, equation. Following Imbens et al. [34], the main
equation is specified as a correlated random-coefficient model accounting for Roy-
type selection[29], [31], [32], [37], [38], [39] and can be expressed as follows:

Djit = XitY + it
Yiie = Bo + Xit1B1 + Drmit Ami + Dimie (Xie1 — Xig1)S + i + Vjir + Uit

(4)

Fixed effects are applied to correct for the bias resulting from the correlation between
the time constant unobserved heterogeneity c;; and the continuous endogenous
variables D,,;; [29], [33], [38], [40], [41]. However, neither the bias from the omitted

11
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time-varying unobserved heterogeneity v;;, nor that from the selection on gain is
eliminated via fixed-effects-style transformations [24].

Moreover, we applied a control function approach to address the time-varying
endogeneity issue of D,,;;, the selection on the gain bias, while accommodating the
linear functional form [34].

The estimation is a two-step process. We first estimate the reduced-form treatment
equation using a pooled linear model [42], [43].

Next, we construct the control function (z;,,;) for each endogenous treatment. In the
second step, following Kawatkar et al. [24] Imbens et al. [34], we rewrite the main
equation’s welfare outcome in the system equation (eq. 4) as follows:

Yiie = Bo + X11¢B1 + Dimit Aim + Domie (11t = X1)8im + (R(Time) )P + Diie *

((h(‘fimt))) Emt €+ Uy (5)
where x;; is the expected value of x;;; and (x;;; — X;;) is thus the individual demeaned
exogenous variables vector. The last two terms are the generalized residual function
and the interaction of the generalized residual with the endogenous multiple treatment
variable. Fixed effects consistent estimation of A,,;; requires that we ignore c; from the
main equation of the system equation (5). Accordingly, we make the following
assumption[34]:

E(a;|Di1,+, Dir) = E(a;|Dpi) = Diit( Dmi — Dipy) (6)
where other covariates have been suppressed.

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

as follows:
Yiie = Bo + %11 + Dimie Aim + Dimie (X156 — X1)8im + 60 Dpie ( Dy — Dypy) +
(A@ime))p + Dinie * ((h(Time)) ) &m + e (7)

Concerning the case of implementing the latent factor approach, we use generalized
structural equation modeling (GSEM) estimator that involves the latent factor. GSEMs
involving latent factors [, have been seen as a more advanced estimator of multiple
outcomes (expenditure and level of food security) simultaneously [15]. Unlike the
SEM, the GSEM can accommodate not only continuous data but also binary, ordinal,
counted, or categorical data. The work of Chaoying et al. [15] confirms the
effectiveness of the GSEM compared with the traditional SEM. This model was applied
in the panel context following [36], [44] and [36] showed that the GSEM estimator

12
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involving latent factors performs well in resolving the endogeneity problem. The final
equation in the case of latent factor approach is as follows:

Yiie = Bo + %1itB1 + Dpmie Aim + Dimie (X1ie — X10)8im + 0 Dinie ( Dy — D) + 13l + wye (8)
In models where the treatment effects depend on unobserved heterogeneity, attention
usually turns to population-averaged effects, also called average partial effects (APEs)
for continuous endogenous variables [21], [30]. Therefore, in this study, we estimated
the APEs of the vegetable interventions on the welfare outcome from the parameters

estimated.
3.4. Empirical estimation

This section presents the two approaches adopted (control function and latent factor
approaches) to select the best one for correcting bias and estimating the average
treatment effect related to each technology package used. First, to account for the
unbalanced nature of the panel data, we introduced a selection indicator, also known
as a complete case indicator, s;;, and rejected the hypothesis of nonrandomness of
systematic attrition rate test (p<0.05) after that there is no significant difference in the
regression analysis (with attrition and without attrition).
e Control function approach

With respect to the approach involving control functions, we follow a two-step
procedure to estimate the model. In the first step, we estimate a linear regression
simultaneously of the continuous endogenous variables, which represent the intensity
of adoption of each of the five technologies (surface area covered by technology), with
a linear model to define the control function. In the second step, we save the fitted
values and construct a bias correction term from each estimated endogenous equation
for the complete cases, as we use a linear specification. Then, we estimate the two
outcomes equation (7) separately following Biru et al. [7], Kawatkar et al. [24], Papke
and Wooldridge [37], Chamberlain [45], and Mundlak [46].

Estimation of total annual expenditure per capita outcome
In this step, fixed effects correlated random coefficient linear regression is used to
estimate the outcome equation related to the total annual expenditure’ per capita in

FCFA, which is a continuous variable and log transformed.

! Total annual household expenditure is defined as the aggregate value of both food and nonfood items
consumed or purchased by a household[16].

13
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Estimation of the FCS outcome
With respect to the estimation of the FCS?, a fixed effects endogenous ordered logit
regression is used given the ordered categorical nature (1 = poor diet,2 =
borderline diet,3 = acceptable diet). Furthermore, we included the mean of time-
varying explanatory variables Z;, to avoid the problem of incidental parameters in
nonlinear models given that the number of parameters g increases with the number
of individuals [7] .
Note that given the difficulty in interpreting the coefficients of the ordered logit model,
we present only the elasticities of the significant explanatory variables. Elasticities are
calculated as d log,, ;/ d logy, . evaluated at the mean value of the m th component of
the x vector using the eyex command in Stata 17.
e Latent factor approach
With respect to the latent factor approach, the equations were estimated
simultaneously in one step with the GSEM.
Estimation of total annual expenditure per capita outcome
The estimation of total annual expenditure per capita outcome is done following
equation (8), the outcome model related to the expenditure is expressed as follows:
InYorpenaicures = Bro + XitB + g(A1 CSip + A3 ITK;e + A3 CS X ITK;, + Ay ITK x IrrTy, +
As CSXITK x Irr Ty + yles;, + Llrky, + talesxirk;e + btk x ety + [SlCSxITKxIrrTit) +
8, CSip * (Xip — X;) + 8, ITK;, * (X;e — X;) + 63 CS xITK; * (X;p — X;) + 84 ITK x IrrT;, *
(Xit — X;) + 85 CS X ITK x IrrTy, * (X;e — X;) + uye
)
X;; covariates are often used in the literature (Table 2). The estimation with the GSEM
includes five latent factors (1) to five types of potential improved practices and a
reference alternative following the procedures of Deb et al. [47], Drukker [35] and [20]
by simulating a large number of Halton  sequences. Terms
les; o Utk Lesamkp Urk_irery, » Les mkarer,, @Nd their covariance are unobserved latent
utility factors for the treatments, which serve to control for endogeneity in the equation,
with 4,1, 3, t, and g # 0[47], [48]. The Stata margins command is used to
systematically estimate the means of each predicted potential outcome. This

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

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].

14



391
392
393
394
395

396

397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414

415

416

417

418
419
420
421
422

discussed by [49]. Next, we estimate the total marginal effects of technology adoption
following [35] and [50].

Estimation of the FCS outcome
The model related to the FCS is as follows:
Yecs tevel .t = Bro + XitB + Zipp + g(7\1 CS;t + A, ITK;; + A3 CS x ITK;; + A4 ITK X Irr'T; +
As CSXITK X IrrTye + ylcs;, + Ll + lesxitk;e T alirk x ey + LSICSXITKxIrrTit) +
8, CSip * (Xip — X;) + 8, ITK;, * (X;e — X;) + 63 CS xITK; * (X;p — X;) + 84 ITK x IrrT;, *
Xie — X;) + 85 CS X ITK x IrrTyp * (X;p — X;) + uyp

(10)

The parameters APE and average partial effect for treated (APET) are postestimated
following [21], [30], [31], [47], [51], given that the parameter of interest in this study,
adoption intensity, is a continuous variable. In contrast, when the program variable is
a dummy, the parameter of interest can be the average treatment effect (ATE) or the
average treatment effect on the treated (ATT). Thus, we can define a parameter of the
APE that measures the change in the expected outcome due to a small change in the
program level. Similarly, the APET measures the change in the expected outcome of
the program participants due to a small change in the program level. In reality, the
adoption of technology provides farmers with different technology coverage levels D.
D is a continuous variable, which is higher than zero for the adopter. Furthermore, let
Ypy denote the potential outcome corresponding to the value of D. We can be
interested in the technology effect when the technology changes by an intensity,
denoted by §. More specifically, we want to measure the change in the technology
impact due to a change in the adoption intensity from d to d + 6.
Following Nguyen [52], the parameters APE and APET are expressed as follows:

E[Y(D=d+6)_Y(D=d)] _1wn OF(DiXi8,B)

APEq.15) =

B T p&i=lT g
(11)
. E[Y(p=d+8)~Y (p=d)|D>0 1 @np OF(DXi8B)
APET(d+5) = 5 = n_hzi=16—ni

(12)
where n;,, is the number of adopters h, € are observed and unobserved variables, 3
are model parameters estimated from the estimated outcome equations 9 and 10, and

dF(..) is a known derivative function and is continuously differential.
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3.5. Data and descriptive statistics

This study relies on unbalanced panel data collected over three survey rounds
conducted in 2018, 2020 and 2022 in southern Benin (Fig. 2), a West African country

where vegetable farming represents a major economic sector.

Fig.2.

CARTE DE LA ZONE D'INTERVENTION DU PROJET PADMAR

*

Légende

. [ zip PADMAR

Source : Fond Topographique, IGN 1999
Réalisation : CSE - PADMAR

Description: Area zone

The sample includes 331 vegetable-producing households surveyed in 2018, 432 in
2020 and 437 in 2022. The total sample size was determined using the formula
developed by Rea [53],employing a two-stage stratified random sampling design. In
the first stage, three villages were selected per municipality using probability
proportional to size (PPS) sampling, resulting in a total of 81 sampled villages. In the
second stage, the number of producers selected within each village was proportionate
to the number of vegetable producers in that village.

The final panel dataset comprises 1,200 household-level observations, among which
662 correspond to households that benefited directly from the interventions of
government and private projects through technical, organizational, financial (subsidies
and donations) or institutional advisory support; or those who learned about the
technology through their peer’'s producer, and adopted at least one improved
vegetable production technology on the plots. 538 households served as a control

group with no adoption. A household was classified as a technology adopter if the
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producer both knew the technology and had applied at least twice within the past three
years following the criteria used by Mugwe et al. [54].

The technologies considered in this study include CS, technical ITK, and IrrT, as well
as their combinations: CS — ITK, CS — IT, ITK — IT, and CS — ITK — IrrT. Less frequently
adopted combinations, such as IrrT only (n=13) and CS — IrrT (n=10), were excluded
from the data analysis because of insufficient sample size, resulting in a final analytical
sample of 1,200 observations.

Table 1 provides a summary of the distribution of technology adoption across the
sample. Notably, adoption patterns varied over time, with some household specific
technologies adoption or disadoption across survey rounds.

Table 1. Number of vegetable household treated and untreated

Technology Observations
Treated Certified Seed (CS) 95

ITK 188

CSxITK 195

ITK X IrrT 83

CSxITKx IrrT 101

Total 662
Untreated 538
TOTAL 1200

The dataset contains detailed information on the socioeconomic and demographic
characteristics of vegetable-producing households, as well as their living conditions,
dietary patterns, and price-related characteristics. Summary statistics of the variables
used in the impact estimation equations, particularly those capturing household
expenditure and food security status, are presented in Table 2. These descriptive
statistics include a comparison of the mean values for each variable between the
treatment and control groups, i.e., households that adopted improved agricultural

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

Variables Descriptio Without CS ITK CS x ITK x CS x Statistical test (comparison of means)
n treatmen ITK IrrT ITK x CS vs. TKl vs CSxTKI TKIx 1CS x
t IrrT without without VS. IrrT vs ITK x
treatmen treatmen without without IrrT vs
t t treatmen treatmen without
t t treatmen
t
Household FCFA/year 285691.4 326012. 36624 371100. 396429. 454175. 1.08** 1.55%** 0.91*** 5.56*** 9.57***
expenditure (per capita 3 4 1 1 9
per capita per
equivalent
adult)
FCS 1=poor2= 1.45 1.56 1.77 1.89 2.23 2.32 27.56*** 1.41%** 11.90*** 4,72 9.66***
borderline
3=
acceptable
diet
Man- 1 if the 0.76 0.79 0.72 0.72 0.81 0.85 1.54 -0.97 -6.58*** 0.94 -5.12***
headed head of
household household
isaman; 0
otherwise
Age of Years 39.04 39.70 39.83 39.88 39.94 40.06 1.15%** 3.57*** 1.28** -4.64*** -6.12***
household
head
Family per capita 5.31 5.38 5.19 5.44 5.76 5.66 3.20*** -13.55** -5.94*** 1.00* 3.21%**
Household  adult
size
Education 1 if the 0.50 0.55 0.61 0.70 0.64 0.74 5.32*** 5.62*** 2.29* 5.02*** 5.02***
producer is
educated; 0
otherwise
Contact 1 if the 0.36 0.57 0.68 0.77 0.90 0.91 8.10*** 12.86*** 8.88*** 23.33*** 27.90***
extension producer
has contact
with
extension
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Variables Descriptio Without CS ITK CS x ITK x CS x Statistical test (comparison of means)
n treatmen ITK IrrT ITK x CS vs. TKI vs CSxTKI TKIx 1CS x
t Irr T without without VS. IrrT vs ITK x
treatmen treatmen without without IrrT vs
t t treatmen treatmen without
t t treatmen
t
structures;
0 otherwise
Membershi 1 if the 0.16 0.19 0.45 0.49 0.72 0.71 12.09*** 1.56*** 9.15%** 32.37***  28.64***
pofa producer is
group in a group;
0 otherwise
Access to 1 if the 0.31 0.38 0.49 0.51 0.51 0.54 10.85***  9.19*** 3.80*** 7.57*** 2.659***
credit producer
has access
to credit; 0
otherwise
Area for hectare 0.05 0.03 0.07 0.04 0.08 0.07 -1.05** 4.50*** -3.69*** 7.40** 4.50***
vegetable
garden
farms
Extra 1ifyes;0 0.35 0.37 0.52 0.56 0.64 0.76 7.97* 5.60*** 7.04*** 6.41** 2.94***
activity otherwise
Distance kilometer 4.15 3.47 4.23 4.01 3.03 2.83 -7.40 6.37*** -4.07** -5.14 5.77%*
market
Livestock 1ifyes; 0 0.17 0.14 0.17 0.23 0.28 0.41 -8.14*** -7.79%** 17.53***  2.06*** 24 .91
otherwise
Plot 1ifyes; 0 0.24 0.21 0.23 0.22 0.47 0.42 -13.61** 0.72*** -8.52%** 1.66* 0.04***
ownership otherwise
Participatio 1ifyes; 0 0.23 0.49 0.57 0.59 0.63 0.69 0.44*** 1.96** 5.97*** 0.09*** 0.86***
n to Project otherwise
Price FCFA 843.44 867.41 889.43 911.34 852.99 845.89 6.09** -0.88*** 9.97*** 6.14*** 2.22%**
Tomato per
kg
Price Chili FCFA 574.08 577.01 589.42 592.65 579.06 603.20 1.33%** 2.76* -2.83*** 0.02*** 1.56*
pepper per
kg
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468

Variables Descriptio Without CS ITK CS x ITK x CS x Statistical test (comparison of means)
n treatmen ITK IrrT ITK x CS vs. TKl vs CSxTKI TKIx 1CS x
t IrrT without without VS. IrrT vs ITK x
treatmen treatmen without without IrrT vs
t t treatmen treatmen without
t t treatmen
t
Price Onion FCFA 351.20 354.82 353.98 355.46 370.30 371.06 0.52* 3.13*** 1.62** 0.12* 5.47***

per kg

Note: ***p <0.01; **p<0.05 *p < 0.1
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4 Empirical Results

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

4.1. Goodness-of-fit of models

Model fit was assessed using standard information pseudo R-squared, the Akaike
information criterion (AIC) and the Bayes information criterion (BIC). AIC and BIC can
be calculated as follows:

AIC = —21In(L) + 2p and BIC = —21In(L) + p In(n) (13)
where L is the likelihood function, p is the number of estimated parameters, and n is
the sample size [55].

Among the models estimated, the specification incorporating five latent factors using
the GSEM approach outperforms the others, as evidenced by the lowest AIC and BIC
values (Table 3) [55]. This result suggests a better overall fit than that of the control
function model. Nonetheless, for comparison purposes, the results from the control
function specification are also reported in table 3.

Table 3. AIC and BIC

Control function Approach Latent factor Approach
Expenditure outcome

AlC 1662.73 1553.77

BIC 1673.02 1576.09

Food security outcome

AlC 2126.39 2007.94

BIC 2144.75 2053.66

4.2. Estimation of Impact models of improved agricultural technologies and

their combinations on household expenditure and food security

The empirical results provide valuable insights into the role of improved agricultural
technologies and their combinations in enhancing household welfare, particularly in
terms of per capita expenditure and food security. Both modeling approaches, the
control function and the latent factor model, yield broadly consistent findings (Table 4
and 5). However, the coefficients obtained from the latent factor approach tend to be

larger in magnitude and more statistically significant. Given its superior fit, the latent
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factor (GSEM) specification is retained as the reference model, and the discussion
and policy implications that follow are based on its estimates.

The goodness-of-fit indicators support the quality of adjustment of the estimated
models. The Hosmer-Lemeshow test is not significant, indicating adequate model
specification. The Hausman test confirms that the five latent factors are jointly
significant at the 1% level, suggesting that unobserved heterogeneity is effectively
captured. Moreover, the Wald test rejects the null hypothesis of no interaction effects
(p < 0.01), highlighting the heterogeneous impact of technology.

To address potential time-varying endogeneity in treatment assignment, the statistical
significance of the control function terms was assessed, confirming the presence of
endogeneity. In addition, the significance of the interaction between the control
function and treatment variables indicates heterogeneity in the treatment effects,
further supporting the use of flexible, interaction-rich specifications.

The intercept parameters in Table 5 differ significantly across technology groups,
confirming that the five treatment categories should be modeled separately. The
Hausman specification test rejects the random effects assumption in favor of the fixed
effects model for the outcome equation.

The direction of the estimated coefficients suggests that the intensity of technology
adoption has a positive and significant effect (p<0.05) on both household expenditure
and food security. Notably, an increase of area covered by the adoption of CS alone
increases the likelihood of higher expenditures by 4% compared with 18% for the
adoption of technical ITK alone (Table 4). Similarly, the probability of belonging to the
borderline diet food consumption group increases by 0.35 and 0.55 with an intensity
of adoption, mainly on plots under CS and ITK, respectively (Table 5).

The adoption of multiple technologies yields even stronger effects. For instance, an
increase of area covered by the ITK x IrrT combination increases the probability of
higher expenditure by 53% compared with 46% for CS x ITK (Table 4). An intensity of
adoption of the full package (CS x ITK x IrrT) leads to the highest observed gains: a
58% probability of increased expenditure and an increase of 0.45 points in the
probability of belonging to the acceptable food consumption group (Tables 4 and 5).
Gender-based heterogeneity is also evident. Compared with women, male-headed
households experience greater improvements in both outcomes, particularly for

combinations involving irrigation technologies. In contrast, women benefit more from
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ITKonly and CS x ITK but are more likely to remain in the borderline food
consumption categories. Indeed, an increase of 1 ha with adoption of ITK only and CS
x ITK by women implies an increase in the probability of expenditures of 20% and 31%
(table 4), respectively, and a 57% and 76% increase in the probability of belonging to
the borderline food consumption categories (table 5), respectively.

The average treatment effect (ATE) illustrates the increasing marginal gains from
adopting more complex technological packages. Compared with nonadopters, the
adoption of CS, ITK,CSxITK,ITKxIrrT and CSxITKxIrrT increases per capita
expenditures by 9%, 26%, 43%, 58% and 82%, respectively (Figure 3). Similarly, the
food security impact—as measured by improvements in the consumption categories—
increases with the intensity of technology adoption: an additional area under adoption
increases food security by 8% (CS), 12% (ITK), 17% (CS x ITK), 25% (ITK X IrrT),
and 36% (CS x ITK x IrrT) (Figure 4).

Fig. 3
oo g 082
ot s 0S8
o g 043
T gqe 026
CS _mizll

B APE WAPEU mAPET

Description: Average partial effect (APE), for Treated (APET), for Untreated (APEU)
(household expenditure outcome)
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Fig. 4
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Average partial effect (APE), APET, APEU (household on food security

outcome)

Several household-level characteristics significantly influence both per capita
expenditure and food security status.

The age of the head of household has a positive and statistically significant effect on
per capita expenditure. As age increases, so does the likelihood of higher expenditure,
with an estimated marginal increase of 33% (p<0.10) (Table 4). Age also positively
affects food security outcomes: the probability of being in the acceptable food
consumption group increases by 0.43 with age, while that of being in the borderline
group increases marginally by 0.10 (Table 5). These results suggest that older
household heads are more likely to engage in behaviors or strategies that enhance
welfare.

An increase in household size is also associated with a higher risk of poor dietary
outcomes with the probability of being classified in the poor food consumption group
increases by 0.73 (Table 5), which is likely due to resource dilution effects in larger
households.

The education level of the household head plays a positive role in welfare outcomes.
Education is associated with a 33% increase in the probability of higher expenditure
(Table 4) and a 0.71 increase in the probability of belonging to the acceptable food

consumption group (Table 5). However, it also slightly increases the probability of
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falling into the borderline group by 0.21, possibly reflecting transitional consumption
behaviors among newly educated farmers.

Access to extension services and group membership significantly improve welfare
outcomes, increasing the probability both of higher expenditures and of being in the
acceptable consumption category. These results underscore the importance of social
capital and information diffusion.

Access to credit positively influences welfare indicators: it increases per capita
expenditure by 52% (Table 4) and the probability of being in the acceptable food
security group by 0.43 (Table 5).

Engagement in nonagricultural income-generating activities significantly improves
both dimensions of welfare. It increases the probability of increased expenditure by
52% and the likelihood of being in the acceptable food group by 0.41 (Tables 4 and
5), reflecting income diversification benefits.

The size of the cultivated vegetable plot and proximity to markets are both positively
and significantly associated with higher per capita expenditure and food security.
Larger farm areas and better market access increase household income and diet
quality (Tables 4 and 5).

Practices such as livestock keeping and land ownership are also positively associated
with improved outcomes, suggesting asset-based resilience.

Participation in the project intervention is strongly correlated with a 57% increase in
the probability of higher expenditure (table 4). Furthermore, price variations in key
vegetables significantly influence household welfare: an increase in the price of
tomatoes, chili peppers, and onions increases the probability of higher expenditures
by 57%, 33%, and 21%, respectively (Table 5). These findings reflect the income effect
of favorable output prices on producer welfare.

Table 4. Fixed effect correlated random coefficient (household expenditure

outcome).
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*** CSx ITK 0.43 *** 0.46 ***
ITK X IrrT 0.57*** 0.51** ITK X IrrT 0.59 *** 0.53 ***
CSx ITKx IrrT 0.77*** 0.53*** CSxITKXx 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- 0.05* 0.12* (CS)x Man- 0.08* 0.16*
headed headed
household household
(ITK)# Man- -0.15** -0.21** (ITK) x Man- -017* -0.20*
headed headed
household household
(CS x ITK) # Man-  -0.27 -0.22 (CS x ITK) x -0.32* -0.31*
headed Man-headed
household household
(ITKx InT) # 0.62 0.49 (ITK x IrrT) x 0.59** 0.52**
Man-headed Man-headed
household household
(CSxITKxIrT)# 0.64 0.58 (CSxITKx IrrT)  0.65** 0.76™**
Man-headed x Man-headed
household household
t2022 0.42* 0.22** t2022 0.44* 0.33*
Man-headed 0.42%** 0.15*** Man-headed 0.54* 0.21*
household household
Age of household  0.09 0.32 Age of 0.14* 0.33*
head household head
Family Household 0.14 0.52 Family 0.1 0.79
size Household size
Education 0.56 0.21 Education 0.62* 0.33*
Contact extension 0.36*** 0.42*** Contact 0.38*** 0.63***
structure extension

structure
Membershipofa  0.27* 0.54** Membership of 0.31** 0.63**
group a group
Access to credit 0.04* 0.33* Access to credit  0.09** 0.52**
Area for 0.11* 0.12* Area for 0.17* 0.23*
vegetable garden vegetable
farms garden farms
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 0.61*** 0.33*** Participation to 0.62*** 0.57***
Project Project
Price Tomato 0.42* 0.29 * Price Tomato 0.46** 0.36**
Price Chili pepper 0.25*** 0.22%** Price Chili 0.24*** 0.33***

pepper
Price Onion 0.15 0.16 Price Onion 0.19* 0.21*
Interaction terms
D#D
6(CS) 0.03*
6 (ITK) 0.05
6 (CS x ITK) 0.05**
0 (ITK x IrrT) 0.13"**
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Control function Approach Latent factor Approach
Variable Coef. Variable Coef. ME
0 (CS x ITK x 0.17

IrrT)

Control function

h(Vit)(CS)

h(yit) (ITK)
h(Vit)(cs X ITK)
h(yit) (ITK x IrrT))

h(yie) (CS X ITK x IrrT)
Interaction terms
D # control
function

h(Vit)(CS)# (CS)
h(Vit)(lTK)# (ITK)

h(Vit)(CleTK)#(C
S x ITK)

h(yit) (TK x lrrT))#(
ITK X IrrT)

h(Vit)(c5x1TKx1rrT)
#(CS x ITK x IrrT)

0.12***

0.09***
0.31**
0.15**
0.21**

0.17**
0.16
0.08

0.27***

0.12%**

Latent factors
L
tL2

tL3
tL4
tL5
tL6

Interaction
terms D #
latent factors L
L2L3#CS

L2L4#CS
L2L5#CS

L2L6#CS

L3L4#CS

L3L5#CS

L3L6 #CS
L4LS#CS

L4L6 #CS

L5L6 #CS
L2L3#ITK
L2L4#ITK
L2L5#ITK
L2L6#ITK
L3L4#ITK
L3LS#ITK
L3L6#ITK
LALS#ITK
LALGH#ITK
LSLG#ITK
L2L3#CS x ITK
L2L4#CS x ITK
L2L5#CS x ITK
L2L6#CS x ITK
L3L4#CS x ITK
L3L5#CSxITK
L3L6#CSxITK
LALS#CS x ITK
LAL6#CSXITK
LSL6#CSxITK
L2L3# ITK X IrrT
L2LA# ITK X IrrT
L2L5# ITK X IrrT
L2L6# ITK X IrrT
L3L4# ITK X IrrT
L3L5# ITK x IrrT
L3L6# ITK x IrrT
L4ALS# ITK X IrrT
LALG# ITK X IrrT

0.06™**

0.07***
0.22*
0.18**
0.06***

0.24*
-0.07**
0.03

0.01

0.08

-0.11
0.14**
0.09
-0.02*
0.00
0.01
0.04*
0.01
0.00
0.02
0.12
0.03
0.33***
0.05
-0.03
0.13
-0.00
0.18**
0.06
0.28**
0.51**
-0.14
0.00
0.01
0.06***
-0.15**
0.00
0.04
0.00
0.73**
0.06
0.23*
-0.01
0.22
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Control function Approach

Latent factor Approach

Variable Coef. ME Variable Coef. ME

L5L6 # ITK x 0.08*

IrrT

L2L3# CS xITK  0.09

x IrrT

L2L4# CS x ITK  0.12**

x IrrT

L2L5#CS x ITK 0.19

x IrrT

L2L6#CS x ITK  -0.05

x IrrT

L3L4# CS xITK 0.02*

x IrrT

L3L5#CS xITK -0.00

x IrrT

L3L6 # CS x ITK 0.14**

x T

L4AL5 # CS x ITK 0.28***

x IrrT

L4AL6 # CSx ITK 0.04

x IrrT

L5L6 # CS x ITK 0.05

x IrrT
Constant 0.64*** Constant 0.73***
N observation 1200 N observation 1200
Log -706.85 Log -795.14
pseudolikelihood pseudolikelihoo

d
Pseudo R? 0.51 Pseudo R? 0.62
Wald test for joint  Chi2 Wald test for Chi2

significance of
coefficients of
interaction terms:
(all interaction
terms = 0)

Goodness-of-fit
test (Hosmer-

Lemeshov test)

(61)=12.96*

Chi2(61)= 5.02

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

Hausman test z
statistic of HO:
no endogeneity

z statistic: HO:
(variance of
over-dispersion
term)
Goodness-of-fit

test (Hosmer-

Lemeshov test)

(103)=85.33***

CS:0.08

ITK: 0.64
CSxITK: -
2.77

ITK X IrrT :
0.86

CSxITK X IrrT
1117

5.71

Chi2(103)=
3.15

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

Variables

CS

ITK

CSxITK
ITKX IrrT
CSXxITKX IrrT

Interaction terms D # characteristics

(CS)x Man-headed
household

(ITK) x Man-headed
household

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

L2022

Man-headed
household

Age of household
head

Income

Education
Family Household size

Contact extension
structure
Membership of a

group
Access to credit

Control function

Latent factor

Coef. Elasticity Coef. Elasticity
Poor  Borderlin  Acceptabl Poor Borderline Acceptable
diet e diet e diet diet diet diet

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

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

0.13*** 0.09 0.39** 0.13 CSx ITK 0.19** 0.18 -0.13 0.15***

0.21*** -0.26 0.36 0.24*** ITK X IrrT 0.25** -0.13** 0.1 0.36**

0.33*** 0.11 0.27 0.38*** CSxITKx IrrT 0.36*** 0.12 0.45 0.45***
Interaction terms D # characteristics

0.03** 0.25 0.09 0.09* (CS)x Man-headed  0.04 0.33 -0.15%** -0.83
household

0.17 0.22 0.44 0.05* (ITK) x Man-headed -0.11 0.12 -0.57* 0.03***
household

0.15 -0.15 0.32** 0.31** (CS x ITK) x Man- 0.17*** -0.05* -0.76™** 0.07
headed household

0.24*** -0.09 0.19 0.43*** (ITK x IrrT) x Man- 0.29* 0.61 0.25** 0.56*
headed household

0.28* 0.28 0.21 0.46*** (CSx ITKx IrrT) x 0.31** -0.48 0.06 0.65*
Man-headed
household

0.27 0.05** 0.12 0.51* t2022 0.29*** 0.26 0.49 0.43***

0.19 0.05 0.17 0.09 Man-headed 0.26*** -014 0.08 0.34**
household

-0.07 0.10 0.16™** 0.32** Age of household -0.07 0.25 0.10* 0.43*
head

0.38** 0.05 0.24*** 0.57* Income 0.39* 0.08 0.37 0.44**

(0.06)

0.08 0.12 0.26*** 0.57* Education 0.12 0.03 0.21** 0.71*

-0.10 0.53 0.59 0.04 Family Household -0.13*** 0.73** -0.08 0.07
size

0.58** 0.12 0.18 0.71*** Contact extension 0.56*** 0.18 0.01 0.93**
structure

0.52** 0.22 0.62*** 0.76*** Membership of a 0.58** 0.01 0.04 0.81**
group

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  Borderlin  Acceptabl Poor Borderline Acceptable
diet e diet e diet diet diet diet
Area for vegetable 0.26* 0.04 0.73 0.41* Area for vegetable 0.33* 0.41 0.04 0.74*
garden farms garden farms
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 0.46** 0.05 0.03 0.50**
Project

Interaction terms D # D
6(CS) 0.27***
6 (ITK) 0.13
6 (CS x ITK) 0.34*
6 (ITK x IrrT) 0.28**
6 (CS x ITK x IrrT) 0.09*
Control function Latent factors L
h(Vit)(CS) 0.43** L2L3 CS 0.15
h(¥ie) ariy 0.09*** L2L4 CS 0.15%**
h(Vit) (CSxITR) 0.06** L2L5 CS -0.09*
h(Vit) ATKx [T 0.09*** L2L6 CS -0.41

h(yit)(CSX ITK x IrrT) 0.12* L3L4_CS 0.09*
Interaction terms D # control function Interaction terms D # latent factors L
h(Vit)(CS)X (CS) -0.33 L3L5 CS 0.16
h(yit)(m()x (ITK) 0.16** L3L6 _CS 0.07*
h(yit)(CSxITK)X(CS x 0.06™ L4L5 _CS 0.58*
ITK)
h(yit)(ITKx iy X(TK X 0.14* L4L6 _CS 0.12
IrrT)

-0.08*** L5L6 _CS 0.03*

h(Vit)(CleTlerrT)X(C
S xITK x IrrT)
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Variables

Control function

Latent factor

Coef. Elasticity Coef. Elasticity
Poor  Borderlin  Acceptabl Poor Borderline Acceptable
diet e diet e diet diet diet 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_CSxITK 0.07
L2L4 CSxITK 0.14*
L2L5 CSxITK -0.02
L2L6_CS x ITK 0.18
L3L4_ CSxITK 0.63***
L3L5_CSxITK 0.17
L3L6_CSxITK -0.09
L4L5 CSxITK -0.57*
L4L6 CSxITK 0.07**
L5L6 CSxITK 0.47
L2L3 ITK X IrrT 0.00
L2L4 ITK X IrrT -0.05
L2L5 ITKx IrrT 0.37*
L2L6 ITK x IrrT -0.89*
L3L4 ITK X IrrT 0.01
L3L5 _ITKx IrrT 0.08*
L3L6 _ ITKx IrrT 0.06
L4L5 _ITKx IrrT 0.13***
LAL6 ITK X IrrT 0.55***
L5L6 ITK x IrrT 0.08*
L2L3 CS x ITK x 0.00
IrrT

L2L4 CS xITK x -0.01

IrrT
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Variables

Constant

Cut1

Cut2

N observation

Log pseudolikelihood

Pseudo R?

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

Control function

Latent factor

Coef. Elasticity Coef. Elasticity
Poor  Borderlin  Acceptabl Poor Borderline Acceptable
diet e diet e diet diet diet diet

L2L5 CSxITK x -0.13*
IrrT

L2L6_ CS x ITK x 0.02
IrrT

L3L4 CSxITK x 0.08**
IrrT

L3L5 CSxITK x 0.06
IrrT

L3L6 _CS xITK x 0.17*
IrrT

L4L5 CSxITKx 0.03*
IrrT

L4L6 _CS xITK x 0.09
IrrT

L5L6 _ CS x ITK x -0.41%*
IrrT

0.24*** Constant 0.41**

0.23 0.36

0.55 0.45

1200 N observation 1200

-883.46 Log -807.55

pseudolikelihood

0.44 Pseudo R 2 0.62

Chi2 Wald test for joint Chi2

(61)=23.04** significance of (103)=6.08*

* coefficients of o

interaction terms:

(all interaction terms

= 0)

Hausman test z CS:2.62

statistic of HO: no ITK: 1.63

endogeneity CS x ITK: -
0.27
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605

606
607
608

Variables

Goodness-of-fit test
(Hosmer-Lemeshov

test)

Control function

Latent factor

Coef. Elasticity Coef. Elasticity
Poor  Borderlin  Acceptabl Poor Borderline Acceptable
diet e diet e diet diet diet diet
ITK X IrrT :
0.78
CSxITK x
IrrT : 3.58
z statistic: HO: 4.01

Chi2(61)= 5.02

(variance of over-
dispersion term)

Chi2(103)= 3.15

Note: ***p <0.01; **p <0.05; *p <0.1;
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5 Discussion
The empirical findings reveal that compared with nonadopters, the intensity of
adoption of improved agricultural practices, either individually or in combination,
significantly enhances annual per capita expenditure and food security outcomes over
time. The temporal effects captured by the models suggest that production and
marketing conditions were generally favorable during the study period, partly because
of the implementation of various programs aimed at improving physical access to
markets and installing postharvest infrastructure[3].

o Effectiveness of technology adoption
Among standalone technologies, the intensity of adoption of technical ITK generates
greater welfare gains than that of CS alone. This finding indicates that failing to follow
appropriate agricultural practices undermines the performance potential of improved
seed varieties—despite their proven resistance to climatic variability and pests[12].
When CS is applied without ITK, the benefits in term of production are marginal.
Consequently, the probability of increased expenditures and improved food
consumption remains low.
The APEs are notably higher for bundled interventions, especially those involving
irrigation (ITK x IrrT; CS x ITK x IrrT). Irrigation emerges as a critical mechanism for
buffering households against climatic shocks, thereby improving food security. These
results are consistent with previous evidence from [56], [57] and [13], which highlights
the complementarities among technologies and the resilience-enhancing role of
irrigation.

¢ Gender-differentiated impacts
The impact of the technology adoption intensity varies by gender. Male-headed
households consistently exhibit higher levels of food expenditure, particularly in zones
characterized by better access to irrigation infrastructure and high agricultural
productivity [3]. In contrast, female-headed households benefit more from adopting
ITK or CS x ITK but are less likely to access irrigation technologies because of
persistent gender disparities in resource access, including land, credit, and extension
services. These disparities are rooted in structural barriers and traditional norms,

which limit women’s participation in and benefits from agricultural innovation. Similar
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findings are reported by Abdullah et al. [58], who underscore the vulnerability of
women-headed households to food insecurity.

e Socioeconomic determinants of welfare
The results indicate that age is positively associated with both per capita expenditure
and food security. Older household heads are more likely to possess diverse skills,
accumulated [59], [60] experience, and access to productive networks, enabling them
to diversify their income sources. However, these findings contrast with those of the
studies using cross-sectional data, namely [61] and [11] which report that older heads
are more prone to poverty because of declining productivity. In our panel framework,
age likely captures a cumulative advantage effect [62].
Similarly, household size is associated with higher expenditures but is also linked to a
higher probability of food insecurity, supporting the view that larger households face
resource constraints despite higher overall spending [59], [60].
Education, group membership, and contact with extension services significantly
improve both outcomes. Education enhances awareness and the uptake of good
agricultural practices and high-quality inputs [63]. Furthermore, group membership
and extension access facilitate knowledge sharing and reduce transaction costs in
accessing technologies [64]. These findings support stronger investment in
agricultural advisory services, particularly for smallholder farmers.

¢ Financial and market access
Access to credit is strongly associated with improved welfare. It enables investment in
both agricultural and nonagricultural income-generating activities, which is consistent
with the findings of [65] and [66]. Similarly, the expansion of nonfarm economic
activities increases household resilience and expenditure.
The size of the vegetable plot and proximity to markets are also positively correlated
with household welfare. Increased land under cultivation allows for economies of
scale, while market access facilitates better price realization and reduces postharvest
losses. This result reinforces the findings of [16], who demonstrate the importance of
spatial and scale variables in smallholder outcomes.

e Land tenure and livestock ownership
Secure land tenure plays a crucial role in stimulating investment and productivity.
Households with plot ownership are more likely to engage in long-term planning and
adopt yield-enhancing technologies [56]. Similarly, livestock ownership enhances
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household resilience through asset diversification, acting as a buffer against food
insecurity. These findings support the promotion of integrated crop—livestock systems
as a pathway toward sustainable intensification.

e Price effects
Finally, rising output prices for key vegetables (tomato, chili pepper, and onion)
significantly improve producers' welfare through increased margins. However, as [67]
note, smallholders are both producers and consumers, making price volatility a

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

6 Conclusion and Policy Implications

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

interventions to strengthen

productivity and market participation, increasing incomes and employment

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

the literature by using panel data to rigorously assess the heterogeneous effects of
the intensity of adoption of CS, ITKs, IrrTs and their combinations on household welfare
and food security in vegetable-producing regions of Benin.

The results provide strong empirical evidence that these technologies, particularly

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

food consumption outcomes. Unlike many previous studies based on cross-sectional
data, our panel approach captures dynamic effects over time and thereby better
accounts for unobserved heterogeneity and selection bias.

The findings have several key implications:

e Respecting technical itineraries is essential for maximizing the benefits of improved
seeds. ITK should be disseminated through farmer field schools, extension
services, and community-based learning mechanisms.

e Technology alone is not sufficient. Access to quality inputs (fertilizers, seeds),
diversification into livestock and nonfarm activities, and respect for technical
guidance are all necessary for sustained improvements. The synergistic effect of
adopting CS x ITK x IrrT yields the largest gains, suggesting that programs
should encourage integrated technology packages rather than isolated

interventions.
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e Policy should promote enabling conditions. Measures that enhance education,
facilitate access to credit, support the formation of producer cooperatives, and
strengthen extension services are essential for widespread adoption. Particular
attention must be given to vulnerable groups—especially women and young
people—through targeted support schemes.

e Secure land tenure is a cornerstone of agricultural investment. Consistent with
prior studies, our findings suggest that land ownership increases household
welfare and food security. This insight highlights the need to formalize land rights—
through the expansion of rural land certification—and support tenure systems that
empower farmers to invest in long-term productivity-enhancing technologies.

e Structural transformation of the vegetable sector is needed. Strengthening value
chain linkages and promoting price stabilization mechanisms—such as minimum
support prices or buffer stocks—can encourage smallholder investments and
shield them from market volatility.

e Nutrition education must accompany income gains to ensure that increased
resources translate into improved diet quality. Programs that integrate nutritional
messaging with agricultural extension may increase the adoption of diverse and
nutrient-rich food baskets.

e Study limitations and future research. Future research should explore the temporal
dynamics of impact, the role of fertilizer combinations (organic vs. inorganic), and
potential environmental externalities—such as improvements in soil health and
ecosystem resilience—associated with sustainable technology adoption.

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

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

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

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