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Large-scale private investors,
yield, farm income and food
security in Ghana: evidence from
continuous treatment approach

Abdul-Hanan Abdallah*

Agricultural and Food Economics, University for Development Studies, Tamale, Northern Region,
Ghana

Introduction: This study investigates the effect of training hours received from
Large-Scale Private Investors (LSPIs) on rice yield, farm income, and food security
among smallholder farmers in Ghana. With the expansion of LSPIs in agricultural
service delivery, identifying the optimal intensity of extension services is key to
maximizing their impact.

Methods: Using data from rice-producing households, the study applies a
dose-response function (DRF) and marginal treatment effect (MTE) analysis
to estimate the non-linear effects of LSPl-provided training hours on key
welfare outcomes. These models allow us to explore threshold effects and
heterogeneous treatment responses.

Results and discussion: Findings show that rice yields peak with 1-3h of
training, after which additional interaction yields minimal gains. Farm income
increases significantly beyond 4.5h of training, with the highest returns at
6 h. Food security improves notably after 4h, as measured by both the Food
Consumption Score (FCS) and the Household Food Insecurity Access Scale
(HFIAS). Beyond these thresholds, further training produces little to no additional
benefit. These results emphasize the importance of well-timed, targeted training.
Policymakers and LSPI programs should align training delivery with identified
optimal durations and ensure appropriate follow-up mechanisms to sustain
improvements in productivity and wellbeing.
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1 Introduction

The global population is on a trajectory of significant growth, projected to reach 8.5
billion by 2030, 9 billion by 2050, and a staggering 11 billion by 2100 (UN, 2024). This
population boom, coupled with increasing food demand, poses a formidable challenge to
global food security (Baptista et al., 2022; FAO et al., 2023)%. Agricultural development
is widely recognized as a key driver of economic growth and poverty reduction (World
Bank., 2024)—especially in sub-Saharan Africa, where rural livelihoods largely depend on
agriculture—and therefore touted as the solution to these challenges. Unfortunately, the
global agricultural sector, with its potential to enhance food production and security, is
under scrutiny, facing hurdles from agri-food production systems (African Development
Bank, 2024; Brooks etal., 2019; Dury etal., 2019). Research has shown that low productivity
and limited access to modern agricultural inputs and resources have constrained
the sector’s potential to meet national food demands and improve rural incomes

1 Currently, a staggering 900 million people are still suffering from extreme food insecurity, while 2.4

billion people faced moderate or severe food shortages (FAO et al.,, 2023)
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These
challenges remain a barrier to the agricultural sector’s contribution

(Guardabascio and Ventura, 2014; Rosenbaum, 2002).

to economic growth, food security and poverty reduction (Kim
etal., 2019), prompting calls for sustainable solutions for the sector
to promote food security within planetary boundaries (e.g., Annan
and Dryden, 2015; Garnett et al., 2013).

In recent years, large-scale private investments (LSPIs) have
emerged as a transformative force in Africa’s agricultural landscape,
introducing benefits such as advanced technologies, financial
capital, and market access opportunities (Amanor, 2012; Behrman
et al., 2014; Clapp, 2014; Mulwa et al., 2021; Sitko et al., 2018).
Thus, on premise that such benefits can have positive effects
on small firms (e.g., Blomstrom and Sjoholm, 1999; Borensztein
et al., 1998; Muyanga et al., 2022), most nations promote LSPIs,
particularly those involved in large-scale land acquisition, to
improve smallholder livelihood (Deininger and Byerlee, 2012).
Subsequently, empirical studies investigated the LSPIs in large-
scale land acquisition and their impacts on smallholder livelihood
(e.g., Ali et al., 2019; Deininger and Xia, 2016; Guyalo et al., 2021;
Khadjavi et al., 2020; Lay et al., 2021). However, the findings from
these studies have been mixed or vary from location to location.
Whereas, LSPIs involved in large-scale land acquisition improve
livelihoods in Mozambique (Deininger and Xia, 2016), Ethiopia
(Al et al, 2019), and Zambia (Khadjavi et al., 2020), they were
found have negative or no effect in Ethiopia (Alamirew et al,
2015; Guyalo et al., 2021, 2022; Shete and Rutten, 2015) and
Ghana (Abdallah, 2021; Aha and Ayitey, 2017; Hamenoo et al.,
2018; Mabe et al.,, 2019; Nyantakyi-Frimpong and Kerr, 2016).
Thus, knowledge of the exact livelihood impact of LSPIs involved
in large-scale land acquisition is not clear in empirical literature.
Consequently, policymakers may struggle to design clear strategies
for engaging with LSPIs since the evidence on their impact is
inconsistent. This may lead to cautious or reactionary policies
rather than proactive, evidence-based interventions. Aside from
the mixed results, these studies did not examine the level or
intensity of interactions between LSPIs involved in large-scale land
acquisition and smallholders that is sufficient for long-term effects,
particularly in the context of yields, farm income, and food security
of rice farmers.

By way of contributing to bridging the gaps raised, this study
investigates the impact of LSPIs involved in large-scale land
acquisition, focusing on the intensity of one potential positive
spillover, namely the training provided to smallholders. More
specifically, the study investigates how the numbers of hours of
training from LSPIs affect rice yields, farm income and food
security of Ghanian smallholder rice farmers. Thus, the unique
feature of this research is the use of a continuous treatment
approach, which allows for a nuanced analysis of how varying
levels of interaction with LSPIs influence agricultural outcomes.
Unlike traditional binary models that classify farmers merely
as participants or non-participants, the continuous treatment
approach captures the intensity of interaction, measured by hours
engaged with LSPIs, to explore the dose-response relationship.
By employing this methodology, the study can provide a detailed
understanding of the optimal levels of engagement in training
activities that maximize benefits and identify points where further
interaction yields diminishing or even negative returns. The study
primarily targets rice farmers because LSPI training in Ghana has
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been particularly concentrated in the rice sector, where private-
sector participation is growing. Furthermore, rice is a major cash
and food crop for smallholder farmers, contributing significantly
to household incomes.

We focus on Ghana for several reasons. First, Ghana’s extension
staff to farmer ratio remains low at 1:709 compared to the
2026 target of 1:500 (MoFA, 2023) despite the importance of
extension engagement for effective technology transfer to farmers
(Wossen et al., 2017). Analysis of this nature is therefore crucial
in understanding how the private sector compensates for the
inadequate government extension support in Ghana. It will also
provide policymakers and agricultural stakeholders with critical
insights into how partnerships between smallholders and LSPIs
can be leveraged to improve productivity and contribute to food
security in Ghana and similar settings across sub-Saharan Africa.
In a broader context, this study contributes to the literature on
agricultural investment impacts in sub-Saharan Africa, providing
empirical evidence on how LSPIs can shape the agricultural sector
and rural livelihoods in Ghana.

The rest of the paper is organized as follows: the next
section provides a brief overview of large-scale private investors.
Section 3 presents the methodology including study area, the data
information and estimation strategies employed. Section 4 presents
the results and discussion, while Section 5 presents conclusions
with policy implications.

2 Literature review

LSPIs include a broad spectrum of domestic and foreign
banks, financial investors, agribusinesses, commodity trading firms,
insurance companies, pension funds, sovereign wealth funds,
and hedge funds (Amanor, 2012; Clapp, 2014; Cotula, 2012).
They invest hugely in a variety of agricultural inputs and
products including acquisition of land on a large scale, advanced
technologies, financial capital, input and output on a large scale
(Behrman et al., 2014; Clapp, 2014; Sitko et al., 2018). In this study,
our focus is on LSPIs involved in large-scale land acquisition.

Although several studies examined the impact of LSPIs
involvement in large-scale land acquisition on smallholder farmers
in Ghana and in developing countries in general, the question of
the impact of such investments remains an area of scholarly debate
between two polarized views, namely, pessimists and optimists’
views. The pessimists argue that LSPIs’ acquisition of land on a
large scale and subsequent displacement and clearing of land to
make way for large-scale investments can impact negatively on
the smallholder farmers, and their environment (Cotula et al,
2009; FIAN, 2017; FOE, 2010; GRAIN, 2008). In contrast, the
optimists, however, emphasize the importance of such investments,
suggesting that such investments could be managed to minimize
potential damages and as well benefit investors, host governments,
and their populations alike (De Schutter, 2009; FAO et al., 2010; von
Braun and Meinzen-Dick, 2009). Consistent with these views, other
studies (e.g., Santangelo, 2018)—with motivations from literature
on spatial spillovers from large firms (e.g., Adenacuer and Heckelei,
2011; Blomstrom and Persson, 1983; Blomstrom and Sjoholm,
1999; Borensztein et al., 1998; Globerman, 1979)—argued that
large-scale land investments from these investors can increase
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learning opportunities and enhance the knowledge of neighboring
farms and, as well as contribute to the transfer of technologies to
small farms. Dessy et al. (2012) also developed an occupational
choice model to examine the mechanisms through which large-
scale land acquisition by these investors affects peasant welfare. In
this model, Dessy et al. (2012) demonstrated that subsidizing input
costs with proceeds from LSPIs can enhance local farmers’ adoption
of agricultural technologies. Based on Dessy et al.’s (2012) model,
Kleemann and Thiele (2015) also developed a theoretical model to
study the mechanisms through which large-scale land acquisition
might affect rural populations in Sub-Saharan Africa. Again, it was
revealed that LSPIs involved in large-scale land acquisition enhance
households’ welfare.

Following these conceptual and theoretical arguments, several
empirical studies examined the effect of LSPIs involved in large-
scale land acquisition (LSLA) on smallholder farmers. In Ghana,
in particular, several studies examine the effect of LSPIs land
acquisition on households. Aha and Ayitey (2017), for example,
found that LSPIs increasing appropriation of communal lands
for biofuel plantations without consultation, fair and adequate
compensation to the indigenous land holders has resulted in
uncertainty and tenure insecurity among farmers in affected
communities. Mabe et al. (2019) also found that land acquisition
by these investors has significant negative effects on the livelihood
of households in Ghana. Abdallah et al. (2023) also revealed that
households exposed to LSLA by LSPIs experience decrease in food
security. Ayamga et al. (2023) also found that households exposed
to LSLA by LSPIs are less likely to access farmland for production.

Despite these negative impacts of LSPIs, it has been argued
that LSPIs involved in LSLA can enhance smallholder livelihoods.
One of the many potential mechanisms through which such
benefits may occur is the training provided to smallholders
(Liverpool-Tasie et al., 2020, 2023). Training and capacity building
have long been recognized as essential tools for enhancing
smallholder productivity and economic resilience (Anderson and
Feder, 2004; Mohammed and Abdulai, 2022; Mugizi, 2025;
Pan et al, 2018; Ragasa et al, 2013; Santos Rocha, 2017;
Wossen et al, 2017). However, the role of land investing
LSPIs in training smallholders remains underexplored, particularly
regarding the intensity of engagement required to generate
meaningful impacts.

In Ghana, where public agricultural extension services are often
insufficient (MoFA, 2023), LSPIs have become a key source of
training and technical assistance (Chapoto et al., 2014). Farmers
engaging with these investors report higher adoption rates of
improved seeds, fertilizers, and irrigation practices (ACDI/VOCA,
2020; TWAD, 2024). A study by Chapoto et al. (2014) found
that 15% of smallholder farmers directly sought farming advice
from LSPIs. Despite these positive associations, the literature does
not specify the intensity of training required to optimize farm
outcomes, leaving a critical gap in policy-relevant research.

Although studies—as
document the impact of LSPIs involved large-scale land acquisition

several mentioned  previously—
on smallholders, there is no known study assessing the relationship
between the intensity of training received from LSPIs and key
outcomes such as yield, farm income, and food security. To address
this gap, our study employs a continuous treatment approach to
examine the effect of LSPI-provided training intensity (measured
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in contact hours) on smallholder farmers’ yield, farm income, and
food security. By identifying the optimal level of training required
for maximum impact, this research will provide policymakers with
actionable insights on how to structure LSPI training programs for
maximum effectiveness.

3 Methodology

3.1 Study’s context, data and descriptive
statistics

The data for this study come from Upper West, Upper
East, Northern, North East and Savannah regions of northern
Ghana. These areas are noted with land-investing LSPIs including
investment funds, private companies, and stock exchange listed
companies, local chiefs, prosperous individuals, and foreigners
(Land Matrix, 2021; Yaro et al., 2021). These investors have political
connections, and thus profit from government programs, and
collaborate with big businesses to sell their produce. They possess
skills, machinery, and provide services and significant amount of
short-term employment to inhabitants (Yaro and Wahab, 2021).

Actors including the State and Agricultural Development and
Value Chain Enhancement (ADVANCE I and II) projects have
been supporting the growth and linkages of these investors with
smallholders to support their access to finance, inputs, equipment,
information and output market (Chapoto et al., 2014). One of the
crops under which growth of these investors is apparent is rice
(Adzawla et al., 2021). Under rice production, LSPIs dominate in
fertilizer use as about 35 percent used fertilizer compared to about
18 percent of small-scale investors (SSIs; Chapoto et al., 2014). In
addition, these investors utilized more fertilizer per hectare that
than SSIs in rice fields, 130.4 kg/ha compared to 99.8 kg/ha for
SSIs. They also participate in rice market than SSIs, with 98 and 71
percent of the two groups selling rice (ibid.). Conservative estimates
from Chapoto et al. (2014) also show higher production under
LSPIs as compared to SSIs. This superiority of LSPIs in terms
of fertilizer use, market, and production is expected to benefit
smallholders as they emulate LSPIs in these areas.

It is within this context that this study was conducted.
Specifically, we gathered data from a variety of sources for the
quantitative analysis. First, a two round panel data was collected
from surveys of 988 farmers exposed to MSPIs/LSPIs in the
2017/2018 and 2020/2021 cropping seasons with support from
the West African Center for Sustainable Rural Transformation
(WAC-SRT) and the Global Development Network (GDN). To
begin with, we selected 1,000 farmers exposed to MSPIs/LSPIs
through a multi-stage sampling technique. This included selection
of 2 districts from each region based on medium-scale private
investors (MSPIs) or LSPIs intensity of investment in land?, 2-6
communities from each district in proportion to the number of
communities in a district, and a random selection of 25 farmers
each from a list of farmers exposed to LSPIs and MSPIs’ land

2 Information on MSPIs/LSPIs and their investments was obtained from the
Land Matrix database (Land Matrix, 2021) and the Ghana's Lands Commission.
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FIGURE 1
Study area map showing the study household locations. Source: author, 2022.

investments®, resulting in 1,000 exposed farmers*. The households
(as distributed in Figure 1) were then interviewed in 2017/2018
cropping seasons with a semi-structured questionnaire loaded
in Kobo Toolbox®. The questionnaire, administered by trained
enumerators, gathered information on household characteristics,
exposure to MSPIs/LSPIs, inputs including fertilizer, seeds, labor,
sustainable agricultural practices, crop yields, food consumption,
biodiversity, ecosystem services, and their management practices.
In the second round (i.e., 2020/2021) of the survey, we observed
1.2 percent attrition rate as only 988 farmers were reinterviewed.
This led to a balanced panel of 988 farmers (i.e., 1,976 observations)
for the analysis. Although this was attributed to death and
migration, attrition bias could be a concern. Following Baulch and
Quisumbing (2011), we conducted non-randomness of attrition
and conclude that the attrition is random. It is, however, important
to mention even though not all surveyed farmers exclusively
cultivated rice, rice farming was a significant component of their

3 Alist of 6,228 exposed farmers (4,124 MSPIs and 2,104 LSPIs) across the
10 districts was obtained from listing exercise with leaders of the selected
communities.

4  We refer to “exposed” as individuals, communities, or ecosystems
whose lives, livelihoods, and environments are subjected to positive or
negative impacts of MSPIs or LSPIs" activities. This exposure can come from
direct interactions with the MSPIs/LSPIs, such as through land acquisition,
employment, or changes in local economies. It may also occur indirectly
thorough environmental changes or social disruptions caused by the
investments (Abdallah, 2021).

5 The Kobo Toolbox is an online open-source suite of tools for field
data collection developed by the Harvard Humanitarian Initiative. The Kobo
Toolbox was installed in 10 Samsung Galaxy Tablets and questions from the

questionnaire were then loaded.
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agricultural production systems, particularly for those who received
training from LSPI programs. It is also important to mention
that rice farming fits within broader farm income sources in
several keyways. First, it serves as a staple food crop and a
commercial commodity, contributing directly to household food
security while also generating income through market sales.
Second, many smallholder farmers practice mixed farming, where
rice is cultivated alongside other staple crops such as maize,
cassava, and legumes, providing income diversification and risk
mitigation against crop failure. Third, access to LSPI training may
encourage farmers to specialize in rice production by adopting
improved agronomic techniques, enhanced seed varieties, and
better post-harvest management, which can lead to higher yields
and profitability.

Given these dynamics, our study focuses on rice yields,
farm income, and food security as key outcome variables,
that
smallholders, is often complemented by other agricultural

recognizing rice farming, while central to many
income streams. This context is essential for interpreting
the impact of LSPI training on farmer livelihoods, as the
benefits of rice-related interventions may extend beyond rice

cultivation itself.

3.1.1 Variable construction
3.1.1.1 Variables measuring levels or intensity
of interaction

For the levels or intensity of smallholder interactions with
LSPIs, we observed the number of times smallholders received
training from LSPIs. However, in terms of number of times
smallholders received training from LSPIs, the variations were
not wide between farmers and thus, implies that teasing out
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heterogeneous effects along this dimension may not be possible.
As a result, we rather employed number of hours of interactions
with LSPIs per week. Thus, levels or intensity of smallholder
interactions with LSPIs is captured as the number of hours
of training received from LSPIs by a smallholder rice farmer
in a week.

3.1.1.2 Outcome variables

As stated earlier, yields, farm income and food security are the
outcomes of interest in this study. Yield of rice is constructed as
total kilogram of rice harvested at the household level divided by
the household sum of individual-level hectares of land devoted to
rice cultivation. For farm income, household level farm earnings
were divided by the household sum of individual-level hectares
of land devoted to farm activities. Household level farm earnings
entail value of total crop and livestock produced ®. We calculated
each by aggregating the values of all crops produced and all
animals produced into a single measure using the output and
prices provided by the households’. Such approach has been used
by Abdallah et al. (2020) in sub-Saharan Africa. Farm income
depends on output and prices. We therefore assumed that LSPIs
influences farm income through the quantity of output produced
or their prices.

Given that food security is multidimensional issue, we
employed two indicators namely, food consumption score (FCS)
and household food insecurity access score (HFIAS). Thus, the
effect of LSPIs on food security is estimated through these
indicators. The first indicator, HFIAS, is households’ perception of
quantity and quality components of their diet in the past 30 days.
It is a continuous variable that measures food security in terms
of access. The HFIAS assumes that households’ experiences of
food insecurity cause predictable reactions which can be captured
and quantified into a score. This score indicates frequency of
consumption of less preferred foods to skipping of meals (Coates
etal, 2007). It is captured by aggregating the product of responses
to nine questions on occurrence and frequency of occurrence of
food insecurity situation. The nine questions focused on experience
of food insecurity in 2017/2018 cropping season and reflects
(Qla) anxiety about food adequacy; (Q2a) eating less-preferred
foods; (Q3a) eating foods of a limited variety; (Q4a) inability to
eat less-preferred foods; (Q5a) eating smaller meals than needed;
(Q6a) eating fewer meals in a day; (Q7a) failing to obtain food
of any kind; (Q8a) going to bed hungry; and (Q9a) going the
whole day or night without eating. A ‘yes’ response to any of
these questions is given a value of one and a ‘no’ response is
given a value of zero. A question on frequency-of-occurrence
(F) then followed each severity question. These questions asked
how often a reported condition occurred during the previous
30 days with 1, 2 and 3 representing ‘rarely’ ‘sometimes and
often, respectively. Using these responses, the HFIAS is then

6 Our survey revealed Amaranthus, Jute mallow (Corchorus olitorius),
Spinach (Spinacia oleracea) sorghum, maize, rice, millet, sorghum cowpeas,
groundnuts, cassava and yam as the main crops produced in the area. For
animals, poultry, pigs, dogs, sheep, goat and cattle were reared in the area.

7 Regarding the prices, we employed the median prices of the prices

provided by the farmers to avoid the effect of variations in local prices.
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calculated by summing the scores generated from the responses
as follows:

HFIAS = (Qla)(F1) + (Q2a)(F2) + (Q3a)(F3) + (Q4a)(F4)
+ (Q5a)(F5) + (Q6a)(F6) + (Q7a)(F7)
+ (Q8a)(F8) + (Q9a)(F9)
(1)

Summarily, the minimum HFIAS is zero and is obtained when
a household is food secure and responds ‘no’ to occurrence and
frequency of occurrence. A HFIAS value above zero means that
some level of food insecurity exists for the household. The highest
score is 27, which is obtained when a household is food secure
and responds in the affirmative to all the questions on occurrence
and ‘often’ to questions concerning rate of occurrence. Our second
indicator of food security, is food consumption score (FCS), which
represents the dietary diversity, energy, macro, and micro value
of the food consumed (WFP, 2009). The FCS is a continuous
variable measured by first recording frequency or the number of
food groups consumed by an individual within a household over
a reference period, usually a 7-day period. The food groups are
nine in number according to WFP (2009) and include: (i) Cereals
and tubers; (ii) Pulses; (iii) Vegetables, relish and leaves; (iv) Fruits
(v) Meat, fish and eggs; (vi) Milk and other dairy products; (vii)
Sugar and sugar products, and honey (viii) Oils, fats and butter;
and (ix) Condiments. The frequency of consumption of each food
group A by household i, is then multiplied by a predetermined
weight B, assigned to each food group to generate a score defined
mathematically as:

n
FCS; =) " AiB; (2)
i=1

3.1.1.3 Control variables

Based on literature (e.g., Guyalo et al., 2021, 2022; Liverpool-
Tasie et al., 2023), variables representing household and farm/plot
characteristics were captured during the household survey to
be used as control variables in the analysis. Further, the
household survey data captured the geographic information
systems coordinates of each household. This made it possible
to complement the control variables in the survey data with
geospatial data on population density and built-up area data with
a spatial resolution of 250 meters grid from the sixth version
of Global Rural-Urban Mapping (GRUMPv1)®; precipitation and
temperature data of 2.5min resolution from the WorldClim®
elevation data from Shuttle Radar Topography Mission, and
vegetation index with a spatial resolution of 30 meters from Landsat
8 of the NASA/USGS™ Specifically, the raster files existing in
Tag Image File Format (TIFF) were downloaded, mosaic, and/or

8 https://sedac.ciesin.columbia.edu/data/set/ghsl- population-built-up-
estimates-degree-urban-smod

9 The data is downscaled by the University of East Anglia from CRU-TS-
4.06, using WorldClim 2.1 for bias correction (https://www.worldclim.org/
data/worldclim?21.html).

10 https://earthexplorer.usgs.gov/
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clipped to our area shapefiles using QGIS 3.28.3 or ArcGIS 10.8.2.
Except few, all the images were already projected to EPSG: 4,326-
WGS 84. Thus, there was no geometric correction required as the
study area falls under this coordinate system. The cell values of a
raster files were extracted to the point location of the households
for analysis. To generate the population density, we used estimates
of the population from GRUMP with the estimates of arable land
from Global Agro-Ecological Zones v4 (Fischer et al., 2021). Thus,
the population density variable is persons per 250 square meters
of grid cell. Input and output prices are important so far as
estimation of farm income is concerned. We therefore draw from
the Africa fertilizer'!, the district level prices of NPK fertilizer.
For prices of rice, we interpolated district level prices from the
Humanitarian Data Exchange (HDX) using the Inverse Distance
Weighting (IDW)*? Conflicts can disrupt the normal operations of
large-scale private investors, leading to interruptions in production,
distribution, and supply chains. This can result in financial losses
and undermine investor confidence in conflict-affected areas. We
constructed conflict intensity via IDW interpolation of the number
of deaths from the Georeferenced Event Dataset (Global version
23.1) of the Uppsala Conflict Data Program (UCDP) which
offers several datasets on organized violence* We present the
description/measurement for each variable and their descriptive
statistics in Table 1.

3.2 Estimating the incremental impacts of
LSPIs on yields, farm income and food
security

To estimate the incremental impacts of the smallholder
interactions with LSPIs, we employed as our treatment, the number
of hours of training received from LSPIs per week. This allows
estimation of the incremental impacts of LSPIs using the dose-
response function. Even though the approach of (Bia and Mattei,
2012) is also efficient in estimating the dose-response function
(DRF), we opted for a more flexible approach proposed by
Guardabascio and Ventura (2014). Unlike the approach of (Bia
and Mattei, 2012) which is limited to only normal distributions,
this approach accommodates other distributions (e.g., binomial,
gamma, inverse Gaussian, negative binomial, normal, and Poisson
functional distributions) from the exponential family to help
estimate the DRF. Though this method also relies on the
conditional independence assumption (Bia and Mattei, 2012), the
inclusion of a rich set of data or pretreatment covariates that
directly influences both outcome and treatment can help mitigate
possible selection bias. To this end, efforts were made to ensure
that all unknowns which are likely to influence both outcome and
treatment are captured in the dataset. For instance, before the two
round surveys, the team conducted 60 key informant interviews
to provide in-depth information on the context studied and as
well identify elements for the development of instruments for

11 https://africafertilizer.org/#/en
12 https://data.numdata.org/dataset/wfp-food- prices-for-ghana?
force_layout=desktop

13 https://ucdp.uu.se/downloads/
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the quantitative household surveys. The key informants included
farmer leaders, chiefs, and elders; government officials including
officials from Ghanas Ministry of Food and Agriculture, Land
Commission, local government, Ghana Commercial Agriculture
Project, Northern Rural Growth Project and Savannah Accelerated
Development, Irrigation Company of Upper Region, Ghana
Irrigation Development Authority, and large-scale private investors
in land. Based on the workshops outcome, variables such as
farmer status in the community, experience of drought, and floods,
temperature, rainfall, district’s geographic proximity, conflicts, were
captured in the household survey data for analysis (see Table 1).

Assuming N constitute farmers that are randomly selected
from a large population, such that i = 1,2,3,...,N. Each farmer
has: p x 1 a vector of pretreatment covariates, X; exposed to
training Tj, and has Y; as the yields, farm income and food
security associated with hours of training received, then the set of
potential outcomes will be defined as {Y;i(t)} for t € T, where T
represents the continuous set of potential treatments defined over
the interval [fg, 1], and Y;(t) is the household rice yield, farm
income and food security associated with hours of training received
t;. Further, we define the outcome corresponding to the hours of
training received as Y; = Y;(T);. To estimate the average dose-
response function w(t) = E{Y;(t)} (Hirano and Imbens, 2004)
assume that if {Y;(£)}«r, T; and X, are defined on a common
probability space, then the propensity function is defined as the
conditional density of the actual hours of training received given
the observed covariates. In other words, if r(t, x) = fr|x (¢ |x) is
the conditional density function of the hours of training received
given the covariates, then the generalized propensity score (GPS)
is R = (T |X) . It is important to note that the GPS is
an extension of the traditional propensity score method used
for binary treatments. It is particularly useful when treatment
intensity varies continuously rather than being assigned as a
simple treated/non-treated condition. In this study, GPS estimates
the likelihood that a farmer receives a specific level of training
hours from Large-Scale Private Investors (LSPIs), given observed
characteristics such as farm size, education, access to credit, and
prior exposure to extension services.

Mathematically, GPS is computed as the conditional probability
density of receiving a specific treatment level T, given a set of
observed covariates X (i.e,, R = (T |X) ); where T represents the
hours of training received, and X includes farm, household, and
institutional characteristics. This score helps to adjust for selection
bias by ensuring that comparisons are made between farmers
with similar probabilities of receiving a given treatment level. To
make the analysis more interpretable, the continuous treatment
levels (training hours) are divided into three intervals based
on empirical distribution and practical relevance: low treatment
(0-1h per week)—farmers who received minimal training from
LSPIs; medium treatment (2-3 h per week)—farmers who received
moderate exposure to LSPI training programs; and high treatment
(44 h per week)—farmers who were extensively trained by LSPIs
involved in large-scale acquisition. These treatment groups allow
for an examination of the dose-response relationship—whether
increased exposure to LSPI training has a linear, diminishing, or
threshold effect on rice yields, farm income, and food security. The
classification into three intervals ensures that the results are easily
interpretable for policymakers and practitioners, highlighting the
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TABLE 1 Variable definition/measurement and summary statistics.

10.3389/frevc.2025.1552040

Variable Description/measurement Mean Std. dev.
Yield Rice yield (kg/ha) 5578.10 1181.56
Farm income Total value of crop and animal produces (GH¢/ha) 7104.99 6693.52
HFIAS Household food insecurity access score: a food secure household has a score of 0, absolutely food 11.916 5.45
insecure has a score of 27.
FCS Daily food consumption score 51.95 26.77
Levels of Number of hours of training received from LSPIs per week 3.59 1.35
interactions
Gender_hhh Dummy (1 head is male, 0 otherwise) 091 0.29
Age_hhh Age of farmer (years) 47.53 12.86
Edu_hhh Years spent in formal education 3.22 5.18
Hhsize Number of people residing in a farmers” household 12.57 7.26
Asset Index of household durable assets (e.g., TV, radio, etc.) 0.13 1.13
Remittances Dummy (1 received remittance, 0 otherwise) 0.19 0.40
Gmembership Dummy (1 member of a social group; 0 otherwise) 0.40 0.49
Tleadership Dummy (1 head holds government leadership position; 0 otherwise) 0.39 0.49
Gleadership Dummy (1 head holds traditional leadership position; 0 otherwise) 0.21 0.41
Floods Dummy (1 community experiences droughts; 0 otherwise) 0.79 0.41
Drought Dummy (1 community experiences flood; 0 otherwise) 0.15 0.35
Extension Dummy (1 if farmer received advice from extension staff; 0 if otherwise) 68.99 64.55
Tsecurity 1 if farmer feel secured on the cultivated plot, 0 otherwise 0.90 0.31
Gfertile Dummy (1 good soil fertility; 0 otherwise) 0.35 0.48
Mfertile Dummy (1 moderate soil fertility; 0 otherwise) 0.47 0.50
Pfertile Dummy (1 poor soil fertility; 0 otherwise) 0.17 0.37
Ddepth Dummy (1 deep soil depth; 0 otherwise) 0.13 0.33
Mdepth Dummy (1 moderate soil depth; 0 otherwise) 0.55 0.50
Sdepth Dummy (1 shallow soil depth; 0 otherwise) 0.31 0.46
Fslope Dummy (1 flat slope plot; 0 otherwise) 0.47 0.50
Mslope Dummy (1 moderate slope plot; 0 otherwise) 0.45 0.50
Sslope Dummy (1 steep slope plot; 0 otherwise) 0.06 0.24
Elevation Meters above sea level 179.86 54.90
Pop_dens Population density (Persons per 250 meters grid cell) 0.19 1.43
Avgmaxtemp Average maximum temperature (°C) 1960-2021 34.71 0.63
Avgmintemp Average minimum temperature (°C) 1960-2021 23.26 0.34
AvgPPT Average precipitation (mm) 1960-2021 94.06 7.07
EVI A score indicating the density, health, and greenness of vegetation 0.49 0.11
Distance Geographic proximity of district to major road (meters) 2.72 4.21
Price_rice district-averaged price of rice (GHS) 7227 2.99
Conflict Conflict intensity (number of casualties, including fatalities and injuries) 17.17 4.65
Fertilizer_price District-averaged price of NPK 20-10-10+3S (GHS) 184.31 116.36

Source: author’s computation based on survey, 2022.

optimal levels of engagement for maximum benefit (Cattaneo et al.,
2013).

Further, the GPS has a balancing property like that of the
standard propensity score. This implies that within strata with the
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same value of r(¢, X), the probability that T = ¢ does not depend
on the value of X. Therefore, the GPS is X L1(T = 1) |r(t, x) .
This balancing property along with unconfoundedness, implies that
hours of training received is unconfounded given the GPS. If the
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weak confoundedness assumption holds given the pretreatment
variables X, we have Y(;) LT|XVteT and for every value of hours
of training received, t, we have f{t|r(t,X),Y(t)} = fr{t|r(t,X)}.
The GPS then eliminates any bias associated with differences in the
covariates and the dose-response function is obtained as:

B(r, ) =E(Y(1)|r(t, ) =r }=E(Y|T=t,R=r) (3)
w(t) = E[B{t, r(t, X)}] (4)

In summary, the methodology above indicates that we can
estimate the impact of the levels or intensity of interaction (i.e.,
number of hours of training received from LSPIs) on fertilizer
use in three steps. In the first step, the covariates are employed
to estimate the parameters of the conditional distribution of the
treatment (number of hours of training received from LSPIs)
under a Negative binomial distribution, assess the normality of
the distribution of disturbances in the model, estimate the GPS,
r(t, x) and test balancing property with standard two-sided ¢-
test which is the default. In the second step, the average yield,
farm income and food security are estimated as functions of the
number of hours of training received from LSPIs (treatment level
T), the GPS R, as E(Y|T = t,R = r). In this study, we employed
quadratic approximation. In the final step, the relationship between
yield, farm income, food security and the number of hours of
training received from LSPIs (dose-response function) wu(t) =
El{t, r(t, X}, .
conditional expectation B {t,7(t, X)} over the GPS at each level of

t € T is estimated by averaging the estimated

treatment (i.e., number of hours of training received from LSPIs).

4 Results and discussion

This section presents the econometric results of the effects of
number of hours of training received from LSPIs on rice yield,
farm income and food security. Section 4.1 presents the effects of
number of hours of training received from LSPIs on yields; Section
4.2 presents the results of the effect of number of hours of training
received from LSPIs on farm income; and Section 4.3 presents
the effects of number of hours of training received from LSPIs
on food security. As mentioned previously, the DRF procedure
involves estimation of propensity scores, testing for balance of
covariates, estimation of the generalized propensity scores, the
conditional expectations of the rice yield, farm income and food
security as functions of the number of hours of training received
from LSPIs and the generalized propensity scores, and the effect
of number of hours of hours of training received from LSPIs on
yields, farm income and food security (dose-response function). In
this section, the estimate of the generalized propensity scores is only
presented as appendix (Table A1) and not discussed since it is not
the main purpose of this study. But most of the variables are good
predictors of levels or intensity of interactions and probably met
the unconfoundedness assumption. Another issue is the assessing
the degree to which covariates are balanced by conditioning on the
estimated GPS. The results are presented in Table 2. The absolute
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t-values are in the range (0.01-1.48) except for the case of the
dummy for soil depth in the central interval.

Summarily, the treatment values were divided into 3 intervals
[(0, 1), (2, 3), and (4, 5)], each with a representative point where
the generalized propensity scores were evaluated and divided into
5 intervals. On average, the generalized propensity score is 0.17-
0.22, 0.10-0.11, and 0.04-0.06 with means of 0.20, 0.10 and 0.06,
respectively at the representative point of first [0, 1], second
[2, 3] and third [4, 5] treatment intervals. These scores were
employed to examine if there are any differences in the conditional
mean of the pre-treatment variables between units that belong to
a specific treatment interval and units that belong to all other
treatment intervals, given the generalized propensity score. The
results showed absolute t-values in the ranges of 0.01 to 3.02,
suggesting decisive evidence against the balancing property and
achievement of common support condition. The other issue is the
estimation of the conditional expectation of yields, farm income
and food security as a function of the GPS, number of hours of
training received from LSPIs, their square terms and interactions.
As pointed out by Hirano and Imbens (2004), the estimated
regression coefficients do not have any direct meaning and are
therefore not presented here, but are available upon request. Finally,
the DRF and marginal effect of the number of hours of training
received from LSPIs on yields, farm income and food security are
presented in the next sections.

4.1 Impacts of Incremental interaction with
LSPIs on Yield

Figure 2 focuses on the relationship between the number of
hours farmers interact with large-scale private investors and their
rice yields. The dose-response function visually represents how rice
yields respond to different interaction levels, measured in hours
of engagement. Both the dose-response curve and marginal dose-
response curve help to pinpoint the optimal number of interaction
hours that maximizes yields for farmers. The Dose-Response Curve
(i.e. Left Panel of Figure 2) represents the average farm income as a
function of interaction hours (between 0 and 5h) with LSPIs. At
the lower end of the interaction spectrum (0 to 1h), rice yields
experience a moderate decrease from 399.5 to 399 kg/ha. This
suggests that minimal interaction with investors yield negative
effects on yields, likely due to low to no access to resources or
information provided during initial interactions. Above 1h of
interaction, however, the curve shows a more significant increase
in yield, reaching its peak which is 470 kg/ha at 3 h, indicating
that during this period, yield increases at a faster rate and finally
reaches its maximum at 470 kg/ha and 3h as the optimal level
of interaction. This phase suggests that additional interactions
with investors during these hours are particularly beneficial, as
farmers gain deeper insights or receive more substantial support.
But beyond this hour, the curve declines, indicating that further
interaction does not contribute to any meaningful increase in rice
yields and even detract from it if the time spent on interactions
becomes excessive. We illustrate this finding clearly considering
causal effect at one point relative to another. For instance, 1h
of training received from LSPIs leads to an average rice yield of
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TABLE 2 Covariate balancing for generalized propensity score matching.
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Variables [0, 1] [2, 3] [4, 5]
Mean Standard t- Mean Standard t- Mean Standard t-

difference  deviation value difference deviation value difference deviation value
Gender_hhh 0.020 0.026 0.783 —0.033 0.029 —1.154 0.012 0.027 0.443
Age_hhh —0.025 0.759 —0.033 0.449 0.854 0.526 —0.165 0.791 —0.209
Edu_hhh —0.026 0.305 —0.084 —0.326 0.342 —0.953 0.237 0.317 0.747
Hhsize 0.110 0.413 0.267 —0.230 0.463 —0.498 0.080 0.419 0.191
Asset 0.019 0.066 0.283 —0.039 0.074 —0.529 0.018 0.069 0.257
Remittances 0.006 0.023 0.277 —0.016 0.026 —0.599 0.004 0.024 0.148
Gmembership —0.012 0.029 —0.423 0.028 0.032 0.879 —0.008 0.030 —0.267
Tleadership —0.001 0.029 —0.043 0.008 0.032 0.246 —0.005 0.030 —0.166
Gleadership 0.013 0.024 0.554 —0.014 0.027 —0.513 —0.004 0.025 —0.166
Floods —0.006 0.024 —0.262 0.022 0.027 0.835 —0.008 0.025 —0.302
Drought —0.007 0.019 —0.393 0.016 0.022 0.723 —0.003 0.020 —0.150
Extension 0.007 0.020 0.323 —0.024 0.023 —1.009 0.013 0.022 0.616
Tsecurity 0.016 0.015 1.071 —0.017 0.019 —0.931 —0.006 0.017 —0.336
Gfertile —0.011 0.026 —0.420 0.047 0.030 1.602 —0.031 0.027 —1.162
Mfertile 0.021 0.029 0.724 —0.045 0.033 —1.380 0.018 0.030 0.586
Ddepth 0.022 0.016 1.384 —0.054 0.018 —3.017 0.025 0.017 1.482
Mdepth 0.004 0.029 0.121 —0.004 0.033 —0.123 —0.003 0.030 —0.104
Fslope —0.007 0.029 —0.246 0.008 0.033 0.233 0.002 0.030 0.079
Mslope 0.006 0.029 0.196 —0.008 0.033 —0.241 —0.005 0.030 —0.152
Elevation —1.447 3212 —0.451 1.966 3.586 0.548 0.246 3.302 0.075
Pop_dens 0.049 0.085 0.579 —0.046 0.094 —0.492 0.018 0.086 0.206
Avgmaxtemp —0.006 0.037 —0.171 0.028 0.041 0.687 —0.013 0.038 —0.332
Avgmintemp 0.000 0.020 —0.024 0.000 0.023 0.010 —0.001 0.021 —0.072
AvgPPT —0.011 0.397 —0.028 0.030 0.448 0.067 —0.075 0.414 —0.182
EVI 0.006 0.006 1.024 —0.009 0.007 —1.250 0.002 0.006 0.275
Distance 0.000 0.000 0.076 0.000 0.000 —0.037 0.000 0.000 —0.011
Price_rice 0.040 0.169 0.238 —0.133 0.192 —0.693 0.077 0.179 0.429
Conflict 0.032 0.275 0.117 0.092 0.307 0.301 —0.101 0.285 —0.355
Fertilizer_price —1.840 6.789 —0.271 4231 7.565 0.559 —1.082 6.962 —0.155

Source: author’s computation based on household survey, 2020.

399 kg/ha, and 2h of training leads to average rice yield of 450
kg/ha. This implies that the average causal effect of receiving 2h
training from LSPIs relative to receiving 1h training from LSPIs
is 450-399 = 51 kg/ha increase in rice yield. This is depicted by
marginal dose-response curve on the right panel of Figure 2 which
illustrates the marginal effect of additional interaction hours on
rice yields. In the initial phase (0 to 1h), the marginal gains are
more substantial, as indicated by the steeper slope. During this
phase, each additional time of interaction leads to a more significant
increase in yields, likely because farmers are in the process of
applying more of the resources or knowledge they have gained.
Above 1 h, however, the marginal effect approaches zero, indicating
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that additional interaction hours beyond this point offer little to no
improvement in yield. This confirms that the optimal number of
interaction hours lies at or just before 1 h, where the marginal gains
stop. Thus, generally, training hours received from LSPIs increases
rice yields in the area. This contradict with the study of Liverpool-
Tasie et al. (2023) in Nigeria where which receiving training from
relatively large farms was found to be positive and insignificantly
related yields.

Thus, for the dose-response (average treatment) function, the
optimal level of interaction with large-scale private investors lies
at 1 to 3h. During this period, farmers maximize their income
gains, with the most substantial improvements occurring between
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FIGURE 2
Dose response and marginal treatment effects function for yield. Source: author's computation based on survey, 2022.

3 h. But for marginal treatment effects function for yield, optimal
level of interactions lies at 1h; beyond 1-h, further interaction
provides minimal or no economic benefit, marginal dose-response
curve indicates a declining trend. Therefore, the recommended
interaction time for farmers to maximize their yield is 1 to 3 h.

4.2 Impacts of Incremental interaction with
LSPIs on farm income

Figure 3 shows the overall relationship between the number
of hours of interaction with large-scale private investors and the
average farm income. The DRF curve (left panel of Figure 3)
represents how farm income changes with varying “doses” or
levels of training hours received. There appear to be a U-shape
relationship between levels of training hours received and average
farm income, implying that initial and very high levels of training
are associated with higher farm income, whereas moderate levels
of training correlate with lower income. For instance, as training
hours initially increase from zero, small increase is observed in
farm income (about GH¢2,500 to GH¢3,500) up to a certain point
(about 4.5h). This might be because early training hours could
distract from productive farm time or involve a learning curve
where farmers experience temporary income dips while adjusting
to new techniques. However, after to 4.5h of training, a sharp
increase is observed in income, suggesting that the benefits of
training only become significant at higher levels of exposure—
after 4.5h of training, which represents minimum point of the
DRF (bottom of the U-shape) and marks the level of training at
which farm income transitions from low to high. For instance,
average farm income is about GH¢3,500 at 4.5 hours of training
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and GH¢6,000 at 6h of training received from LSPIs, and thus
indicates that average causal effect of 6h of training relative to
4.5h of training is 6,000-3,500 = 2,500 Ghana cedis (GH¢). This
is plausible since farmers may have acquired enough knowledge
and skills to see tangible improvements in farm productivity
or profitability. The DRFs upward trend confirms that training
positively impacts farm income overall, likely by improving farm
management skills, technology use, or efficiency. This relationship
is clearly shown by the U-shaped MTE on the right panel of Figure 3
which indicates that the marginal benefits (additional income from
each hour of training) initially decline with each additional hour
of training, until 2.5h of training, and then increase again at
higher levels of training—after 2.5 h of training. This could indicate
inefficiency or adjustment costs early on, where initial training
hours may not immediately translate to income gains, and the
benefits only become evident at advanced stages of training. After
reaching a minimum, each additional hour contributes increasingly
to income, as farmers may now fully understand and implement
the training content. The optimal number of training hours for
maximum income correspond to 2.5 h where farm income starts to
increase. This finding is similar to the findings of Liverpool-Tasie
et al. (2023) who revealed that receiving training from large firms
increases crop income.

4.3 Impacts of Incremental interaction with
LSPIs on food security

Figures 4, 5 show the overall relationship between the number
of hours of interaction with large-scale private investors and

the average FCS and HFIAS. The DRF curve (left panel of
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FIGURE 3
Dose response and marginal treatment effect function farm income. Source: author's computation based on survey, 2022.

Figure 4) represents how food consumption score (FCS) changes
with varying “doses” or levels of training hours received. A
U-shape relationship between levels of training hours received
and average FCS, implying that initial and very high levels of
training are associated with higher average FCS, whereas moderate
levels of training correlate with lower average FCS. Initially, as
training hours increase from zero, small increase is observed in
FCS (about 2 to 4 points increase in average FCS) up to about
4.5h. This might be because early training hours could involve a
learning curve where farmers experience temporary FCS dips while
adjusting to new techniques. However, after to 4.5h of training,
a sharp increase is observed in FCS, suggesting that the benefits
of training only become significant at higher levels of exposure—
after 4.5h of training, which represents minimum point of the
DREF (bottom of the U-shape) and marks the level of training
at which FCS transitions from low to high. For instance, 4.5h
of training received leads to average FCS of about 4 points, and
9h of training leads to average FCS of 20 points. This implies
that the average causal effect of 9h of training relative to 4.5h
of training is 20-4 =16 points increase in FCS. Thus, increasing
the training hours from 4.5 to 9h quadruples average gain in
FCS. Here, farmers may have acquired enough knowledge and
skills to improve food security as reflected in FCS. The DRF’s
upward trend confirms that training positively impacts FCS, likely
by improving yields and farm income. This relationship is clearly
shown by the U-shaped marginal treatment effect curve on the
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right panel of Figure 3 which indicates that the marginal benefits
(additional FCS from each hour of training) initially decline with
each additional hour of training, until 2.5h of training, and then
increase again at higher levels of training—after 2.5h of training.
This could indicate inefficiency or adjustment costs early on, where
initial training hours may not immediately translate to gains in
FCS, and only become evident at advanced stages of training.
After reaching a minimum, each additional hour contributes
increasingly to FCS, as farmers may now fully understand and
implement the training content. The optimal number of training
hours for maximum FCS correspond to 2.5h where FCS starts
to increase.

For DRF curve of HFIAS (left panel of Figure 5), shows a
downward slope. This shows that as training hours increase,
HFIAS decreases, indicating an improvement in food security
(since lower HFIAS scores mean less food insecurity. At the
lower levels of training hours received (0 to 4h of training
from LSPIs), HFIAS appear unstable and start to decrease after
4h of training, which represents optimal hours of training for
increasing FCS. This point represents the most effective training
dosage for improving food security, balancing between too few
and excessive training hours. This suggests that initial hours of
training may be ineffective, but high hours of training may be
more effective. For instance, the DRF curve at 10h of training
shows an HFIAS score reduction of 2 points, and at 6h, it
shows a reduction of 3.5 points. The causal effect of increasing
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FIGURE 4
Dose response and marginal treatment effect function for FCS. Source: author’'s computation based on survey, 2022.

training from 6 to 10 h would be an additional 4-point reduction
in HFIAS. The marginal treatment effect curve (left panel of
Figure 5) clearly depicts the effects of training hours received on
HFIAS. At the early hours of the training (0 to 2h), HFIAS
is unstable and then start to decrease after 2h of training
received which represent the optimal hours for which HFIAS
begin to fall. For instance, at the 2-hour mark, adding an extra
hour of training is associated with a —0.2-point reduction in
HFIAS, improving food security slightly for each additional hour.
However, at 10h the MTE is —2.1, suggesting that adding training
beyond 10h may have further benefits and could even increase
food security.

4.4 Sensitivity analysis: Rosenbaum Bounds
for hidden bias

To assess the robustness of our findings to potential
unobserved confounding, we conducted a Rosenbaum Bounds
Sensitivity Analysis. This approach evaluates how strongly an
unmeasured confounder would need to influence both treatment
assignment and outcomes to nullify the estimated effects. The
key parameter, Gamma (I"), represents the level of hidden bias,
where I" = 1.0 assumes no hidden bias, and increasing values
of I' indicate progressively stronger unobserved confounding.

Frontiersin Environmental Economics

12

Tables 3-6  presents the results of the Rosenbaum Bounds
analysis for the impact of training on yields, farm income and
food security as measured by FCS and HFIAS. At I' 1.0
(no hidden bias), the estimated treatment effect ranges from
225 to 1,500 kg/ha for yields, with a confidence interval of
[0.5, 2,000]. As I' increases, the yields decline slightly but
remains substantial; even at I’ 2.0, the estimate remains
between 700 kg/ha and 700 k/ha, with a confidence interval of
(500, 900].

For farm income, the estimated treatment effect is GH¢ 5,620,
with a confidence interval of [5535.5, 5,705] as shown in Table 4.
As I' increases, the treatment effect declines slightly but remains
substantial. Even at I' = 2.0, the estimate is GH¢5,260.5, with a
confidence interval of [5171.5, 6,078].

Concerning food security indicators, Tables 5, 6 present the
results of the Rosenbaum Bounds analysis. In Table X, at I" = 1.0
(no hidden bias), the estimated treatment effect is 52.75, with a
confidence interval of [50.25, 55.5]. As I" increases, the estimated
effect declines slightly but remains statistically significant. Even at
I = 2.0, the estimated effect is 44.25, with a confidence interval of
[41.25, 63.5].

Similarly, in Table 6, at I' = 1.0, the estimated treatment effect
is 4.5 points for HFIAS, with a confidence interval of [4, 5]. At
I' = 2.0, the estimate decreases slightly to 2.5-6.5 points for
HFIAS, but it remains statistically significant. Importantly, Sig+
and Sig- remain 0 across all tested levels of I" for yields, farm
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Dose response and marginal treatment effect function for HFIAS. Source: author's computation based on survey, 2022.

TABLE 3 Rosenbaum bounds sensitivity analysis (yields).

Gamma sig+ sig— t-hat+ t-hat- Cl+ CI—‘

1 0 0 225 1,500 0.5 2,000
1.1 0 0 250 1,500 15 1,900
1.2 0 0 250 1,450 100 1,700
1.3 0 0 300 1,250 200 1,500
14 0 0 350 1,150 250 1,500
1.5 0 0 400 1,000 250 1,375
1.6 0 0 450 1,000 350 1,250
1.7 0 0 500 1,000 400 1,000
1.8 0 0 500 900 450 1,000
1.9 0 0 600 750 500 1,000
2 0 0 700 700 500 900

Source: author’s computation based on survey, 2022.

income and food security indicators. These imply that the number
of hours of engagement with LSPIs remains statistically significant
for yields, farm income and food security despite increasing levels
of potential hidden bias. This also indicates that an extremely strong
unobserved confounder would be required to nullify the findings.
Since the estimated effect remains meaningful and statistically
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TABLE 4 Rosenbaum bounds sensitivity analysis (farm income).

r sig+ sig-— t-

(Gamma) hat+

1 0 0 5,620 5,620 5,535.5 | 5,705
11 0 0 5,570.5 5,670 54855 | 5,755
12 0 0 5,524.5 57165 | 5440 | 5802
13 0 0 5,483 57575 | 53985 | 5846.5
14 0 0 54445 5,798 5359 | 5,885.5
15 0 0 5,409 5,835 5322 | 5923
16 0 0 5,376 58685 | 5288 | 5958
17 0 0 5,344 5,900 5256.5 | 5,992
1.8 0 0 5314.5 59305 | 52255 6,022
19 0 0 5,286.5 5,959 5199 | 6,051
2 0 0 5,260.5 5,987 51715 6,078

Source: author’s computation based on survey, 2022.

significant up to I" = 2.0, we conclude that our estimates are
highly robust to unobserved confounding. These results reinforce
the credibility of our findings, suggesting that Large-Scale Private
Investor (LSPI) interventions significantly impact yield, farm
income, and food security, even when accounting for potential
hidden bias.
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TABLE 5 Rosenbaum bounds sensitivity analysis (FCS).

r sig+ sig- t- t- Cl+ CI-
(Gamma) hat+ hat—

1 0 0 52.75 52.75 50.25 55.5
1.1 0 0 51.5 53.75 49 56.5
1.2 0 0 50.5 55 47.75 57.5
1.3 0 0 49.5 56 47 58.5
1.4 0 0 48.5 56.75 46 59.25
1.5 0 0 47.75 57.5 45.25 60
1.6 0 0 47 58.25 44.25 61
1.7 0 0 46.25 59 43.5 61.75
1.8 0 0 45.75 59.5 42.75 62.25
1.9 0 0 45 60.25 42 62.75
2 0 0 44.25 60.75 41.25 63.5

Source: author’s computation based on survey, 2022.

TABLE 6 Rosenbaum bounds sensitivity analysis (HFIAS).

r sig+ sig— t-hat+ t-hat—

(Gamma)

11 0 0 4 475 35 5

1.2 0 0 4 5 35 55
13 0 0 35 5 35 6

1.4 0 0 35 55 3 6

15 0 0 35 6 3 6.5
16 0 0 3 6 3 6.5
1.7 0 0 3 6 25 6.5
1.8 0 0 3 6.5 25 7

1.9 0 0 3 6.5 25 7

2 0 0 25 65 215 7

Source: author’s computation based on survey, 2022.

5 Conclusions and policy
recommendations

This study demonstrates that training hours received from
Large-Scale Private Investors (LSPIs) have a significant impact on
rice yields, farm income, and food security, with optimal outcomes
linked to specific engagement thresholds. For rice yields, maximum
benefits occur with 1 to 3 h of interaction, beyond which additional
time provides diminishing returns. Farm income displays a U-
shaped response, with notable income gains beginning around 4.5 h
and peaking at 6 h, likely as farmers become adept at implementing
training content. Food security, measured through both the Food
Consumption Score (FCS) and the Household Food Insecurity
Access Scale (HFIAS), improves markedly after 4 h, with sustained
gains at higher levels of training.

Farmers are advised to engage with LSPIs for an optimal
period of 1 to 3h to maximize yield gains. Policy frameworks
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should encourage this range of interaction, allowing farmers to
gain the maximum benefit without over-committing time that
could otherwise be dedicated to on-farm activities. To enhance
farm income, LSPIs should focus on providing comprehensive
training programs that extend beyond the initial phase (up to 4.5 h)
to reach the advanced training level of around 6h. Support for
ongoing training beyond introductory sessions could ensure that
farmers can translate knowledge into income growth effectively.
Training programs should aim for an optimal duration of 4 to 9h
to effectively enhance food security among rice farmers. For future
training initiatives, LSPIs should consider structured, extended
programs that address critical aspects of food security through
phased learning to ensure farmers fully integrate the skills into their
food security practices. Policymakers and LSPIs should customize
training modules to include basic, intermediate, and advanced
stages, allowing farmers to progress based on their specific needs
and maximizing returns at each stage. Tailoring these modules
can optimize the time farmers dedicate to training, helping them
balance learning with productive farming.

While this study assumes unconfoundedness, it is important
to acknowledge the potential limitations of this assumption.
Despite the inclusion of a rich set of variables—including
farm characteristics, farmer demographics, market access,
institutional factors, and prior exposure to extension services—
there remains the possibility of unobserved confounders that
could simultaneously affect both training participation and
agricultural outcomes. For instance, intrinsic farmer motivation,
risk preferences, or hidden differences in soil quality and farm
management practices may influence both the likelihood of
receiving LSPI training and the effectiveness of that training. If
these factors are not fully captured in the data, they could introduce
bias in the estimated treatment effects. To assess the robustness of
our findings, future research could explore sensitivity analyses such
as Rosenbaum bounds (Rosenbaum, 2002), which test the extent
to which hidden bias from unobserved covariates might alter the
estimated treatment effects. Additionally, instrumental variable
(IV) approaches or difference-in-differences strategies could be
explored in subsequent studies to strengthen causal inference.
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Appendix

TABLE A1 Estimate of the generalized propensity score (GPS).

Variables Coefficient  Robust std. err. z
Gender_hhh 0.038 0.040 0.96
Age_hhh 0.103 0.031 3.32%
Edu_manager 0.019 0.006 3.17%
Hhsize 0.052 0.023 —2.26"*
Asset —0.010 0.020 —0.52
Remittances —0.019 0.046 —0.41
Gmembership 0.243 0.132 1.84*
Tleadership 0.203 0.121 1.68*
Gleadership 0.030 0.044 0.69
Floods —0.011 0.045 —0.25
Drought —0.060 0.060 —1.01
Extension 0.097 0.056 1.74*
Tsecurity 0.126 0.071 1.76*
Gfertility 0.074 0.053 1.40
Mfertility 0.013 0.051 0.26
Ddepth —0.032 0.066 —0.48
Mdepth —0.026 0.044 —0.60
Fslope 0.044 0.074 0.59
Mslope 0.063 0.075 0.85
Elevation 0.194 0.052 3.73%
Pop_dens 0.507 0.253 2.00**
Avgmaxtemperature 1.012 0.257 3.947
Avgmintemperature 0.390 0.118 3317
AvgPPTI12 0.019 0.011 1.73*
EVI 0.260 0.164 1.59
Distance 2.856 5.647 0.51
Price_rice —0.008 0.008 —0.96
Conflict —0.001 0.005 —0.25
Fertilizer_price 0.000 0.000 0.32
_cons 3.813 2.888 1.32

Standard errors in parentheses. ***p < 0.01, *p < 0.05, *p < 0.1.
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