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Abstract

Gender gaps in agricultural productivity persist across Sub-Saharan Africa, driven in part by
women farmers’ constrained access to information, technologies, and markets, alongside time
burdens and unequal decision-making power. This study evaluates whether short-run exposure to
digital agricultural technologies (DATSs) can improve women farmers’ agricultural knowledge and
decision-making in Malawi, and how preferences over DAT design features shape prospective
uptake. Using village-based lab-in-the-field sessions implemented with women farmers recruited
through Village Savings and Loan Associations in Mchinji (matrilineal) and Mzimba (patrilineal)
districts, we combine three complementary experiments. First, we randomize participants to
receive agricultural advisory content through alternative delivery channels (SMS/voice versus an
app-based channel) or to a control condition. Second, in a subset of villages, we elicit stated
preferences over DAT platform attributes using a discrete choice experiment administered at
baseline and endline. Third, we measure economic priorities through an incentivized revealed
choice task in which participants select between two goods of similar value (fertilizer versus
sugar). Primary outcomes for the main randomized exposure experiment are standardized indices
of soil and advisory knowledge and channel-specific usability/evaluation measures.
Complementary outcomes include stated preferences and willingness to adopt DAT features
elicited through the DCE and revealed investment-oriented choices measured through the
fertilizer-versus-sugar task. The study contributes evidence on how delivery modalities and
product design interact with gendered constraints and cultural context to shape women’s
engagement with digital agricultural services.
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1. Introduction

Agriculture remains central to livelihoods and national economies across Sub-Saharan Africa, and
in Malawi it continues to employ most of the predominantly rural population. Within this sector,
evidence consistently documents women’s substantial involvement in both on-farm and off-farm
activities (Singbo et al., 2020). Yet a large body of research also shows that women’s agricultural
productivity is systematically below that of men. For example, Singbo et al. (2020) estimate that
female plot managers in Mali produce roughly 20% less than male plot managers, with differences
in education, age, environmental conditions, and input use contributing to the gap. Similarly, in
Nigeria, female-managed plots have been estimated to be almost 30% less productive than male-
managed plots (Ojo and Baiyegunhi, 2023). Across contexts, a recurring explanation is that women
farm under structurally different conditions: limited access to labor (including household male
labor and hired labor), heavier unpaid care and domestic workloads, and constraints in accessing
and using productivity-enhancing inputs.

Malawi reflects these broader regional patterns. Studies that decompose gender productivity gaps
in Malawi repeatedly identify unequal access to resources and inputs as key drivers. Kilic et al.
(2014) document gender differences in access to productive resources, while Nsanja et al. (2021)
highlight gendered patterns of input use. Looking at policy interventions, Karamba and Winters
(2015) show that Malawi’s Farm Input Subsidy Program raises productivity for both men and
women, but does not eliminate women’s relative disadvantage - suggesting that constraints beyond
subsidized inputs remain binding. Multi-country evidence also places Malawi among settings with
larger gender gaps: Torkelsson and Onditi (2018) find women’s plots are about 28% less
productive than men’s in Malawi (relative to smaller gaps in Tanzania and Uganda), and attribute
much of the difference to land access and women’s access to household male labour. Similar
magnitudes are reported by Kilic et al. (2013), who estimate female-managed plots to be around
25% less productive than male-managed plots. More broadly, Rodgers and Akram-Lodhi (2019)
argue that women’s lower output is not due to lower efficiency, but rather to inequalities in access
to inputs such as family labour, improved varieties, pesticides, and fertilizer.

A growing strand of this literature points to gender disparities in access to modern inputs and
information services as especially important constraints. Makate and Mutenje (2021) find
pronounced gender gaps in modern input use in Malawi and Tanzania, with disparities larger in
Malawi, and emphasize the role of gender-sensitive advisory services; they further note marital
status as an additional axis of vulnerability for women. Burke and Jayne (2021) similarly document
that women are disproportionately likely to apply lower quality seed and less fertilizer on poorer
soils than men, reinforcing productivity differences through both input quantity and input—soil
matching. In related work, Tufa et al. (2022) show gender differences in technology adoption and
estimate a crop productivity gap in the range of 14-23%, attributing much of this gap to structural
factors that shape women’s ability to adopt and benefit from technologies.

Technological advances can mitigate several of these constraints when they are accessible and
usable for women. Achandi et al. (2018) argue that women’s access to agricultural technologies
can enable improved practices that raise productivity, while Thakur (2023) emphasizes that
appropriate technologies can reduce drudgery, improve access to organized markets and
cooperatives, and expand rural women’s employment opportunities. However, the same literature



highlights persistent barriers to women’s access and adoption. Thakur (2023), Rola-Rubzen
(2020), and Nchanji et al. (2023) underline the roles of socio-cultural norms, constrained access to
information, unequal control over resources, limited finance, and weak policy implementation.
Decision-making power is repeatedly identified as a channel: Shahbaz et al. (2022) link women's
technology adoption to household decision-making authority, while Mgalamadzi et al. (2024)
document that women in many African contexts remain less involved in household decision-
making, which can limit their ability to act on information or invest in technologies.

Within this broader technology landscape, digital agricultural technologies (DATSs) - including
SMS-, voice-, and app-based advisory services - are increasingly positioned as tools that can bridge
information gaps and improve decision-making. Digitalization is often presented as a pathway to
improve market access, facilitate access to financial services, and expand training opportunities
for rural farmers (Yousif et al., 2025). At the same time, there is limited evidence on whether
DATs reduce or reproduce gendered inequalities in practice. Hackfort (2021) argues that
inequalities emerge in whom DATs are designed for, how benefits are distributed, and who has
the digital literacy to use them. Others caution that where agricultural advisory systems are already
gender-unresponsive, women may face additional challenges adapting to digital delivery,
motivating a gender-responsive approach to digital innovation (Jarial and Sachan, 2021). Akello
and Brunori (2025) similarly emphasize gaps related to gender-based technology design, socio-
cultural norms restricting access and use, low digital confidence linked to low digital literacy,
financial inclusion constraints, and “data dissmpowerment,” while also highlighting opportunities
when tools are context-aware and co-created through participatory approaches.

These issues are closely connected to the rise of precision agriculture and climate-oriented
advisory services. Precision farming is frequently described as improving yields and reducing
vulnerability to climate and crop-failure risks (Chelliah and Raj, 2023), yet women often lag
behind men in access, use, and benefits. Chelliah and Raj (2023) identify education, age, farm size,
and farming experience as correlates of women’s precision agriculture adoption, and evidence
from multiple contexts emphasizes illiteracy and limited literacy as major barriers (Afzal and Bell,
2023; Hamisu et al., 2024; Pandeya et al., 2025). This suggests that expanding digital and precision
services among rural women requires careful tailoring of delivery modalities and platform
attributes to women’s constraints and capabilities.

This study is designed to address these gaps by testing, in an experimental setting, whether short-
run exposure to digital advisory channels improves women farmers’ learning and shapes their
technology preferences and economic choices. Building on the view that women’s lower
productivity reflects unequal operating conditions rather than lower efficiency (Quisumbing, 1994;
Croppenstedt et al., 2013; Ragasa et al., 2013; Doss, 2018), the project empirically examines
whether improving women’s access to timely, accurate agronomic information can strengthen
knowledge and decision-making, consistent with arguments that productivity gaps narrow under
more equal informational environments (Gallen, 2015; Palacios-Lopez and Lopez, 2015). It also
engages capability-oriented perspectives on information as an input that can expand agency and
choice (Mishra and Tripathi, 2011; Ortiz-Rodriguez and Pillai, 2017; Mbakaya, 2022; Garikipati,
2024), and it speaks to emerging debates on how digital and precision innovations can be made
gender-responsive in contexts of climate risk (Rao et al., 2025; Raza et al., 2025; Ozor et al., 2025).



Empirically, this study combines three linked “lab-in-the-field” elements: (i) a randomized
comparison of advisory delivery channels, (ii) a discrete choice experiment to elicit preferences
over DAT platform attributes, and (iii) an incentivized revealed choice task capturing short-run
economic priorities. The study is implemented in Malawi in settings that allow meaningful
comparison across social and economic contexts, including differences in kinship systems and
market access conditions. The evidence generated is intended to inform both scholarship and
practice on how to design digital agricultural services that better match women farmers’
constraints, strengthen their engagement with advisory information, and ultimately support more
effective agricultural decision-making.

This research is co-funded by Research Ireland and Irish Aid under the SDG Challenge (Ref:
24/FIP/SDG/13388).

2. Research Questions

There are four core research questions:
1) Does short-run exposure to digital agricultural advisory content improve women farmers’

agricultural knowledge?

Specifically, participants are assigned to one of three arms:

1. An active control (wash video with no agricultural advisory content),

ii. SMS/Voice advisory, or

iii. App-based advisory
Compared to the control arm, we estimate the effects of each advisory delivery channel on soil and
soil-management knowledge (immediate learning),

2) Which delivery channel is more effective, and how do women experience each channel?
Comparing the two treatment arms (SMS/Voice vs App-based advisory), we examine differences
in:

a) Comprehension of the advisory content received,

b) Usability of the delivery channel,

c) Self-efficacy: perceived ability to apply the information to improve farming outcomes,

d) Intention to act on the information and continue using the delivery channel.

3) What platform characteristics do women farmers value? Does their valuation change with
experience?

Using the discrete choice experiment (DCE), we first ask how cost considerations, audio vs text

format, contextualization, in-service support, and the provision of complementary market

information drive women farmers’ stated choices of DAT services. We then test whether the

valuation for DATs change after exposure to specific advisory formats. E

4) Does DAT exposure shift how women farmers allocate priorities in an incentivized revealed
choice?

In an incentivized revealed choice task, participants choose between two goods of equivalent

monetary value: fertilizer (an agricultural investment good) and sugar (a consumption good).



Compared to the control arm, we estimate whether exposure to SMS/Voice or App-based advisory
content increases the probability of selecting the investment-oriented option.

We also address two ancillary research questions:

5) Heterogeneity across social and economic context: Do treatment effects (RQ1 and 2), platform
preferences (RQ3), and revealed choice behaviour (RQ4) differ systematically across
a) matrilineal vs patrilineal settings (district)
b) market proximity,
¢) household structure (female- vs male-headed households),
d) baseline digital access and literacy (phone ownership and type),
e) baseline empowerment (composite index of decision-making autonomy, income
contribution, and land/crop control),
f) baseline self-efficacy with technology (perceived ability to afford and use a phone), and
g) baseline soil and soil-management knowledge (above vs below median)?

6) Baseline diagnostics for targeting and design: What are the baseline levels of (a) soil and soil-
management knowledge, (b) current agricultural practices and DAT awareness/use, and (c)
digital access and capability, including mobile phone ownership and access (personal vs
shared), phone type (feature phone vs smartphone), network/charging constraints, literacy, and
languages understood (for text and audio delivery)?

3. Research Strategy

3.1. Overview of experimental components

The research design combines three complementary lab-in-the-field components implemented
during village sessions: (i) a randomized comparison of digital advisory delivery channels, (i1) a
discrete choice experiment (DCE) to elicit stated preferences over digital agricultural technology
(DAT) platform attributes, and (ii1) an incentivized revealed choice task capturing economic
priorities. These components are embedded within a baseline—exposure—endline session structure.

Baseline survey: All participants complete a baseline interview capturing household and
individual characteristics, agricultural production and marketing activities, soil and soil-
management knowledge, and prior exposure to and use of DATs. The baseline also records
measures relevant to heterogeneous effects, including market proximity, household headship,
phone access, and digital literacy. The baseline concludes with all participants receiving an
identical introductory briefing about different modalities for receiving agricultural information.

Discrete Choice Experiment (DCE) sub-sample: In a subset of villages, all participants also
complete a discrete choice experiment (DCE) eliciting stated preferences over digital agricultural
technology (DAT) platform options. In each choice task, participants select their preferred option
between two DAT services and an opt-out option, each described by a set of attributes. The DCE
includes the following core attributes and levels: message format (text vs audio), in-service support



(toll-free hotline vs designated person in the community), market links (rich market information
vs none), contextualization (tailored to EPA vs generic), and cost (0, 500, 2,000, 5,000 Malawian
Kwacha). The two DAT services are generically presented as “Phone service A” and “Phone
service B”, while the opt-out option is presented as listening to agricultural advisories on the radio,
which is the common status quo in the study area. The levels for the opt-out (radio) option are
fixed as audio messages, toll-free hotline, no rich market information, generic advisory and free
of cost, reflecting the agricultural radio programmes currently available. The levels for the two
DAT alternatives were assigned using a D-efficient design with 20 choice tasks in total, divided
into five blocks of four choice tasks. The DCE is administered twice: each respondent completes
one block of four choice tasks before the main RCT (advisory exposure), and one block of four
choice tasks after, to assess whether the treatments shift the valuation for DATs and their
characteristics. In each village session, the RCT treatment and control groups consist of five
women farmers per group, so each of the five women in a treatment or control group is assigned
to one of the five DCE blocks.

Randomized exposure to advisory delivery channels (RCT): Participants are then randomly
assigned within the village session (five participants per arm) to one of three arms: (i) an active
control with no DAT exposure, in which participants view a WASH video, (ii) exposure to
advisory content delivered via SMS and voice, or (iii) exposure to the same advisory content
delivered via the Zaulimi* smartphone application. Advisory content focuses on soils, soil types,
and soil fertility management practices. The purpose of this experiment is to assess short-run
learning and channel-specific usability and perceived relevance.

*Zaulimi is a digital agricultural advisory and market-linkage mobile application developed by the
Agricultural Commodity Exchange for Africa (ACE) - a Malawi-based non-profit that facilitates
structured agricultural markets (including price information and trading/market linkages) - in
partnership with Welthungerhilfe (https://zaulimi.org/).

Endline survey (immediate post-exposure): Following the short-intervention, participants
complete an endline module measuring knowledge of soils and soil management, perceptions of
the advisory channel experienced (usefulness, ease of use, relevance), and related attitudes and
intended practices. In DCE villages, participants also complete the DCE again at the endline.

Revealed choice experiment: At the conclusion of the session, participants complete an
incentivized revealed choice task in which they choose between two items of similar size (fertilizer
versus sugar). This task provides a behavioural measure of investment-oriented versus
consumption-oriented priorities and is analysed in relation to treatment assignment and learning
outcomes.

3.2. Sampling

Study participants

Participants in this study are 1,050 women farmers who are members of Village Savings and Loan
Associations (VSLAs) working with NASFAM in two districts in Malawi: Mchinji and Mzimba.
The sample is distributed equally across districts, with 525 women per district.


https://zaulimi.org/

To be eligible for the study, participants must meet the following criteria:
e Live in a selected study village in Mchinji or Mzimba
e Bea woman farmer
e Be amember of a VSLA working with NASFAM

Two districts were selected to capture contrasting cultural contexts: Mchinji (matrilineal) and
Mzimba (patrilineal). Within each district, five Extension Planning Areas (EPAs) were selected to
reflect agro-ecological variation. From each EPA, seven villages were selected, yielding 35
villages per district and 70 villages in total. Village selection was stratified by proximity to
agricultural markets, with approximately half of the villages close to a market (<30 minutes travel
time) and half far from a market (>60 minutes travel time).

In each selected village, 15 women were recruited from eligible VSLAs (70 villages X 15 women
= 1,050) using stratified random sampling. Eligible women were first stratified by household
headship, and then randomly selected within each stratum: 10 women from male-headed
households (MHH) and 5 women from female-headed households (FHH), reflecting the lower
prevalence of FHH in the population.

A subset of 28 villages was randomly selected for the DCE: 14 villages in Mchinji and 14 villages
in Mzimba, with selection balanced by market proximity (half close and half far). DCE villages
were selected using a computer-based randomization routine implemented in STATA, drawing
within district x market-proximity strata. In DCE villages, all 15 participants complete the DCE,
yielding a DCE sample of 420 women (210 per district).

3.3 Assignment to Treatment

This study uses random assignment to establish a causal relationship between exposure to different
digital agricultural advisory delivery channels and women farmers’ outcomes. Following the
baseline survey modules and a common introductory briefing on different modalities for receiving
agricultural information, participants are randomly assigned within each village session to one of
three arms. The assignment procedure and session flow are summarized in Figure 1.

Unit and level of randomization

Randomization occurs at the individual level within villages. Each village session includes 15
women, who are randomly allocated in equal proportions to the three arms (five participants per
arm). This within-village assignment ensures that treatment comparisons are not confounded by
village-level characteristics, since all arms are represented in the same village session. Individual
assignment is implemented in the field using a public lottery with five participants allocated to
each arm.

Treatment arms
Participants are randomly assigned to one of the following groups:
1. Active Control (no DAT exposure): Participants do not receive digital advisory messages.
Instead, they view a wash video during the exposure period.
2. Treatment Arm 1 (SMS/Voice): Participants receive agricultural advisory content
delivered through SMS and voice.



3. Treatment Arm 2 (App-based advisory): Participants receive the same advisory content
delivered through the Zaulimi smartphone application.

Across treatment arms, the advisory topic is held constant (soils, soil types, and soil fertility
management practices). The primary contrast is therefore the delivery channel rather than message
content.

Post-assignment measurement

Immediately after the exposure period, all participants complete an endline module measuring
knowledge of soils and soil management and perceptions of the channel experienced (e.g.,
usefulness, ease of use, and relevance), as well as related attitudes and intended practices. In
villages included in the DCE sub-sample, participants also complete the DCE again at the endline.
The session concludes with an incentivized revealed choice task (fertilizer versus sugar). The
various treatment arms and associated interventions are described in Figure 1.

Sample: 1,050 women (70 villages x 15 women)
VSLA members in Mchinji and Mzimba

DCE sub-sample selection™ o i

o N
DCE villages Non-DCE villages I
I 28 villages 42 villages ﬂ
“ =420 women ~630 women
I
= — = 1

| (15 women per village session; ?,rm), ) i : i

ﬂ , Control Treatment 1 Treatment 2 )
x =350 women =350 women =350 women [

ﬂ Wash video SMS + Voice App (Zaulimi) i

| | (no DAT exposure (DAT exposure) (DAT exposure)

I

Endline (|mmedlate post-exposure)
Knowledge + channel evaluation (+ DCE repeated in DCE villages)
Revealed choice: Fertilizer vs Sugar

Figure 1. Assignment to treatment

3.4 Timelines of the experiment sessions

The lab-in-the-field session is implemented in each selected village with 15 women participants
(10 from male-headed households and 5 from female-headed households). To minimize waiting



time, 15 enumerators/research assistants conduct interviews in parallel, with each participant
paired one-on-one with an enumerator for the survey modules.
The session proceeds as follows:

1.

Arrival and group briefing (10—20 minutes). Participants are assembled and provided with
an overview of the session procedures. All participants then receive an identical
introductory briefing on different modalities for receiving agricultural information.
Baseline survey (=20 minutes). Each participant completes an individual baseline
questionnaire covering: (i) participant and household characteristics; (ii) agricultural
production and marketing activities (land, crops, livestock); (iii) household dynamics,
including decision-making and division of labour; and (iv) prior exposure to and use of
digital agricultural technologies (DATs). In villages included in the DCE sub-sample, the
baseline survey also includes the baseline DCE eliciting preferences over DAT platform
attributes.

Randomized exposure period (=30 minutes). Following baseline, participants are randomly
assigned within the village session to one of three arms (five participants per arm):

o Active Control: no DAT exposure; participants view a wash video;

o Treatment 1: advisory content delivered via SMS and voice;

o Treatment 2: the same advisory content delivered via the Zaulimi app.
Advisory content focuses on soils, soil types, and soil fertility management
practices.

Endline survey (=20 minutes). Immediately after the exposure period, each participant
completes an individual endline module measuring knowledge of soils and soil
management and perceptions of the channel experienced (e.g., usefulness, ease of use,
relevance), along with related attitudes and intended practices. In DCE villages,
participants also complete the endline DCE.

Revealed choice task (=5 minutes). The session concludes with an incentivized revealed
choice task in which participants choose between two items of similar monetary value
(fertilizer versus sugar).

Figure 2 presents the timeline of the session.
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Figure 2. Timeline of the experiments



3.5. Study hypotheses

We expect to test the following hypotheses in the study:

1.

Knowledge gains (H1): Exposure to DAT advisories increases women’s knowledge of
soils and soil management relative to the control condition. (SMS/Voice vs Control; App vs
Control; Endline knowledge index)

Channel effectiveness (H2): App-based advisory exposure produces larger knowledge
gains than SMS/Voice exposure. (App vs SMS/Voice,; Endline knowledge index)
Usability and perceived value (H3): App-based delivery is rated as more useful and easier
to use than SMS/Voice delivery. (App vs SMS/Voice; Endline platform evaluation
measures)

Attitudes and intended use (H4): Exposure to DAT advisories increases positive attitudes
toward DATs and intended future use relative to control, with larger improvements under
the App arm. (SMS/Voice vs Control; App vs Control; App vs SMS/Voice; Endline
attitudes/intended use measures)

Revealed priorities (H5): DAT exposure increases the probability of choosing fertilizer
(vs sugar) relative to control, with the largest increase under the App arm. (SMS/Voice vs
Control; App vs Control; App vs SMS/Voice,; Revealed choice outcome)

For the DCE sub-sample:

6.

10.

11

12.

Cost sensitivity (H6): higher cost reduces the probability that a DAT option is chosen.
(cost coefficient < ()

Format (H7): audio format increases the probability that a DAT option is chosen compared
to written format. (audio format coefficient > 0)

In-service support (H8): community-based in-person support increases the probability
that a DAT option is chosen compared to the hotline. (in-person support coefficient > 0)
Contextualization (H9): tailored/localized advice increases the probability that a DAT
option is chosen compared to generic advice. (contextualization coefficient > ()

Market links (H10): a service that includes rich market information increases the
probability that a DAT option is chosen compared to a service that does not include this
information. (market information coefficient > 0)

. Phone-based services vs radio (H11): after controlling for all the characteristics included

in the DCE, we hypothesize that phone-based services are preferred over the opt-out radio
option, as they include additional benefits not explicitly captured by the characteristics
listed in the DCE, such as the ability to access the advisory at any time, rather than the
scheduled time of the radio programme. (phone-based services coefficient > ()

Effect of DAT exposure on DCE valuation (H12): we hypothesize that women exposed
to DAT advisories are more likely to choose the phone-based services rather than the opt-
out radio option, with a stronger effect for the App treatment. We also hypothesize that
women exposed to DAT advisories may change their valuation for in-person vs hotline
support and for the audio vs written format.

10



3.6 Attrition from the sample

The study is implemented as a single lab-in-the-field session per village and does not involve
follow-up surveys outside the session. Therefore, we do not expect significant attrition after
recruitment. However, some within-session non-completion may occur if participants choose to
leave before finishing all session components. Participants who do not complete the full session
will receive the show-up fee (and any compensation specified in the study procedures) but will not
complete the remaining modules.

We will (i) record completion status for each participant, (ii) report attrition/non-completion rates
by treatment arm, and (iii) test whether non-completion differs across arms at the 5% significance
level. If differential attrition is detected, we will report robustness checks using standard bounding
approaches (e.g., Lee bounds) where applicable.

3.7. Variables

We rely on (i) participants’ responses in the baseline and endline surveys, (ii) randomized exposure
to advisory delivery channels during the RCT, and (iii) stated and revealed choices in the DCE and
revealed-choice task to measure the impact of DAT exposure on women’s agricultural knowledge,
channel experience, technology preferences, and investment-oriented decision-making outcomes.
To make clear which outcomes correspond to which component, we group outcomes by
experimental component (RCT, DCE, revealed choice). Primary outcomes are defined in Table 1
and secondary outcomes in Table 2. Baseline covariates used for balance checks and to increase
precision are listed in Table 3.

Estimation: For outcomes measured at both baseline and endline (e.g., soil knowledge), we
estimate treatment effects using ANCOVA (endline outcome controlling for the baseline value of
the same outcome). For outcomes measured only at endline (e.g., channel experience indices), we
estimate treatment effects using OLS including pre-specified baseline covariates and fixed effects
for stratification variables (district, market proximity, household headship, and EPA where
applicable).

Table 1. Primary outcomes

Variable ‘ Definition
Treatment vs Control (RCT)
Knowledge Index — Soils Standardized index of baseline and endline

responses on soil types, soil fertility indicators, and
soil management practices:
e What soil type is recommended for growing
maize?
e When is it recommended to apply manure in the
maize field?
e How much manure is recommended?
e How many times is it recommended to apply
fertiliser in a maize field?

11




What type of fertiliser is recommended?

When do you apply basal fertiliser?

When do you apply top dressing?

When do you apply a combined fertiliser?
How much fertiliser is recommended per acre?
Is it recommended that basal dressing and top
dressing can be combined?.

Revealed choice: fertilizer selected

Binary (0/1) — 1 if participant chose fertilizer over
sugar in the revealed choice task, 0 otherwise.

Only within treatment arm comparisons (T1 vs T2) - (RCT)

Comprehension Index:

Standardized index of participant’s understanding
and ability to recall the agricultural advisory
information received during the session.

e The language used was clear

e [ could easily understand the information
provided

e [ needed some help to understand the
information provided

e [ can recall the information I received without
checking again

e In my opinion, the information I received is
reliable and accurate

Usability Index: Standardized index on whether the delivery
channel was accessible, practical, and effective as
a means of receiving information.
e Navigating the technology was easy for me
e [t is faster to receive advice in this way than
one-to-one in person
e Information received in this way is more
understandable than traditional one-to-one
advice
e The information I received is relevant to my
individual situation
e The information received is affordable for me
to use
Self-efficacy Standardized index of three items on whether the

participant feels able to apply what she learned

e The information I received will help me make
better decisions

e [ feel confident about using or practising the
information received

12




e | expect the information to help me achieve
better outcomes

Intention to Act Index

Standardised Index on whether the participant
intends to use the information received
e [ intend to use the information I received either
now or in future

e [ plan to make at least one change to my
practices based on the information received

e [ intend to seek this type of information in the
future even without external encouragement

e [intend to continue accessing this way of
receiving information in the future even
without external encouragement

Intention to Act

How many changes are you likely to make?

DCE - only in DCE Village

DCE choice outcome (implied preferences
for DAT’s design features)

Chosen alternative in each DCE choice task,
given the attribute levels of each alternative as
shown in the choice task. DCE answers are
analysed using a random parameter logit (mixed
logit) model to analyse how characteristics of
each alternative are traded-off with each other and
derive the implied preferences and willingness to
pay for each attribute.

Table 2. Secondary outcomes

Secondary Experimental | Measurement Construction Main
outcome component comparisons
Dissemination | RCT Endline only Standardized index of | T2 vs T1
& spillover (spillovers) (post-exposure) | items capturing (primary);
index confidence to explain | descriptive vs
the information and Control
intention to share
within household and
community.
Knowledge of | RCT Endline only Binary indicator for Within-arm
written-only (mechanism (SMS/Voice answering correctly a | descriptive;
(SMS-only) for modality) arm only) knowledge question heterogeneity
content whose content appears | by
only in the SMS literacy/phone
message (not in the type
audio).
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DCE attribute | DCE (process | Baseline & 0/1 indicators for T2 vs TI vs
attendance measure) Endline (DCE whether each attribute | Control;
villages only) is reported as driving | heterogeneity
choices in the post- by
DCE question treatment/basel
(multiple selections ine traits
allowed).
Preferred DAT | DCE (design Endline only Responses to ‘build T2 vs T1 vs
design (post- preferences) (DCE villages your preferred Control;
DCE) only) service’ questions heterogeneity
(device, format, by baseline
precision, in-service phone
support, language, access/literacy
additional
information).
Knowledge Baseline Baseline (and Standardized index of | Descriptive at
Index — DATs | diagnostics / endline if items on baseline;
complementar | repeated) awareness/understandi | exploratory
y outcome ng of DATs and treatment
current sources/types | effects if
of agricultural repeated
information received
via DATs (where
measured).
DAT Baseline Baseline (and Binary indicator: Descriptive at
utilization diagnostics / endline 1f reports receiving baseline;
complementar | repeated) agricultural exploratory
y outcome information through treatment
any DAT modality effects if
within the repeated
questionnaire
reference period.

Table 3. Control variables (baseline)

Baseline control Definition Notes / rationale

District 1 = Mzimba (patrilineal), 0 = Mchin;ji Stratification /
(matrilineal) heterogeneity

EPA Categorical indicator for Extension Context controls; can
Planning Area be fixed effects

Market proximity 1 = <30 minutes to market; 0 =>60 Stratification /
minutes heterogeneity

Household headship 1 = female-headed household; 0 = Stratification /
male-headed heterogeneity

Age Participant age (years) Precision
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Education level No formal / Primary / Secondary / Digital access and

Tertiary learning
Literacy Binary/categorical measure of reading Key for written vs
ability in relevant language(s) audio mechanisms
Languages understood | Indicators for language(s) understood Targeting and modality
(e.g., Chichewa, Tumbuka, English) fit
Household size Number of household members Resources and
constraints
Land size Cultivated land (acres) Farming scale
Mobile phone 1 = owns a mobile phone; 0 = otherwise | Access constraint
ownership
Mobile phone type No phone / Feature phone / Smartphone | Access constraint and

DCE relevance
Phone access (shared) | Indicator for access to a phone even if | Access constraint
not owned (if measured)

Prior DAT exposure 1 = ever used any DAT before baseline; | Learning heterogeneity
0 = otherwise

Baseline Standardized index of decision-making | Moderation /

empowerment index autonomy and control over resources heterogeneity

(as defined in questionnaire)
Baseline technology Perceived ability to afford/charge phone | Moderation / targeting
self-efficacy and buy airtime; perceived ease of use

3.8 Balancing Checks

We will assess baseline balance across treatment groups using a joint test of orthogonality. First,
we estimate the following regression:

Treat; = a + Z BrXix + u;
K

where Treat;is an indicator for treatment assignment (control, SMS/Voice, or App), ais a constant
term, and X, are baseline participant and household characteristics (e.g., age, education, household
size, land size, phone ownership/type, prior DAT exposure, district, market proximity, and
household headship).

We then test the joint hypothesis that the coefficients on baseline characteristics are jointly zero
using an F-test. Because treatment assignment has three categories, we will also estimate a
multinomial logit specification with treatment status as the dependent variable and test for joint
orthogonality of coefficients across treatment arms.

In addition, we will report mean differences in baseline characteristics across arms and
standardized differences. In the event of within-session non-completion (attrition), we will test
whether attrition rates differ across treatment arms at &« = 0.05. If we detect differential attrition,
we will implement bounding approaches (e.g., Lee bounds; Lee, 2009) as a robustness check.
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3.9 Statistical Power

A total of 1,050 women, with 350 participants per arm (Control, Treatment 1: SMS/Voice,
Treatment 2: App), is sufficient to detect a minimum detectable effect size (MDES) of 0.150 when
comparing any single treatment arm to the control group at 80% power and a = 0.05.

For the DCE sub-sample, 28 villages with 15 women per village (approximately 420 women total)
are sufficient to detect an MDES of 0.137 for changes in overall platform preference between
baseline and endline.

For heterogeneous treatment effect analyses by key subgroups (e.g., district, market proximity,
household headship), with approximately 175 women per subgroup per arm, we can detect an
MDES of 0.212.

Experiment Sample size per Power Alpha MDES
arm arm
Treatment 1 350 0.80 0.05 0.150
(SMS/Voice) vs
Control
Treatment 2 350 0.80 0.05 0.150
(App) vs Control
Treatment 1 350 0.80 0.05 0.150
(SMS/Voice) vs
Treatment 2
(App)

DCE overall 420 (total) 0.80 0.05 0.137
(baseline to
endline; DCE
villages)
Subgroup 175 0.80 0.05 0.212
analysis (e.g.,
Mchinji vs
Mzimba)

Calculations of minimum sample size (N) for DCE are based on the following parameters and
formula:

K = number of parameters to be estimated in the DCE = 8 if considering price as a categorical
variable (or 6 if considering price as a continuous variable)

S = number of choice tasks per respondent = 4 at baseline and 4 at endline (or 8 if considering all
the choice tasks each respondent is exposed too, across the two waves)

J = number of alternatives per choice task (excluding opt-out) =2
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Lmax = the largest number of levels for any attribute = 4 for the price attribute, which is modelled
as a continuous variable in the main specification; otherwise 2.

Orme (1998) rule of thumb:

N=>500x% Lmax/(J*xS)=500x%4/(2x4)=250 (or 125 if considering all 8 choice tasks together)
Assele et al. (2023):

N>150xK/S=150x8/4 =300 (or 150 if considering all 8 choice tasks together).

In the main analysis, the monetary category (price) will be modelled as a continuous variable,
further decreasing the minimum sample size compared to the calculations shown above with
conservative assumptions.

4. Empirical analysis

4.1 Treatment effects
To estimate the causal effect of treatments in this study, we perform the following empirical
specification for participant i:

Yi=a+ BlTli + Bszi + OYi(baseline) + 'YXi + 0.EPA. + &
where we define Y; to be the outcome variable as described in Table 1 for participant i measured
at endline, T1 and T2 are binary indicators for Treatment Arm 1 (SMS/Voice) and Treatment Arm
2 (App) respectively, Yi(baseline) is the baseline value of the outcome variable, X; is the vector of
household and individual level controls, and EPA. represents Extension Planning Area fixed
effects.
B: estimates the treatment effect of SMS/Voice platform exposure on women’s knowledge,
practices, and technology preferences relative to the control group. B2 estimates the treatment effect
of App platform exposure relative to the control group. The difference P - B2 (tested with an F-
test) estimates the differential effectiveness of SMS/Voice versus App platforms.
For outcomes only measured at endline (such as DAT platform evaluations), we estimate the same
specification without the baseline control term 0Yi(baseline).

4.2 Heterogeneous effects

We will study the following dimensions of heterogeneity to understand how treatment effects vary
across different subgroups of women farmers. These heterogeneity analyses are particularly
important given the diversity of contexts in our sample, including variations in cultural norms
(matrilineal vs patrilineal), market access, household structure, and baseline technology exposure.
The specific dimensions of heterogeneity we will examine are defined in Table 4 below.

To test whether treatment effects vary heterogeneously across groups with specific individual-
level and contextual characteristics, we will re-run the empirical specification, interacting the
treatment with the variable of interest for heterogeneity.

Heterogeneity Specification:
Y=a +ﬂ1T1i +ﬁ2T2i +ﬂ3PIi +ﬁ4(T1i x H;) +ﬂ5(T2i x H;) + ?X +0EPA; + &
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where H; represents heterogeneity dimensions. The coefficients B and s estimate whether
treatment effects differ across subgroups defined by Hi.

Table 4

Heterogeneous treatment effects

Variable Definition Rationale
Cultural context District (Mchinji=matrilineal vs Women in matrilineal
Mzimba=patrilineal) societies may have
different decision-
making autonomy
affecting technology
adoption

Market access

Village proximity to market (close
vs far)

Market access may
moderate the value of
market linkage
information

Household structure

Female-headed vs male-headed

FHH may  have

household different resource
constraints and
decision-making
patterns
Baseline digital literacy Mobile phone ownership and type | Prior technology

(none, feature, smart)

exposure may affect
the ability to utilize

DAT platforms
Baseline knowledge Soil knowledge index at baseline Those with lower
(above vs below median) baseline knowledge

may benefit more
from advisories

Above vs below median age

Younger women may
be more comfortable
with digital
technologies

Literacy

Can you read? (Yes v No)

Women who can read
may be better able to
absorb the information
as they can read the
text presented to them
in the treatment, in
addition to listening to
the audio messages.
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Education Primary or less vs Secondary or Education may affect
more the ability to
understand and apply
technical information
Land size Above vs below median cultivated | Larger farmers may
area have more to gain
from precision
agriculture
Decision-Making Autonomy Standardized index of participation | Women with greater
Index in household agricultural decisions | autonomy may be
better positioned to
implement
recommendations

4.3 Standard error adjustments

Randomization is done at the household level for the sample. We will use robust standard errors
to correct for heteroskedasticity for all specifications.

We will perform multiple hypothesis test adjustments using False Discovery Rate (FDR)
correction. Following Benjamini et al. (2006) and Anderson (2008), we will report sharpened q
values over the set of p values associated with each hypothesis. Thus, in our analysis, we will
report p values and sharpened q values.

4.4 Analysis of the Discrete Choice Experiment

To estimate preferences for specific characteristics of DATs, we analyse the responses to the
choice tasks in the DCE using a random parameter logit (also known as mixed logit) model.
Coefficients will be estimated in willingness to pay (WTP) space so to be directly interpretable as
WTP for the presence or absence of each characteristic (Hole and Kolstad, 2012; Scarpa et al.,
2008). If convergence is not achieved in the estimation process, then coefficients will be estimated
in preference space and willingness to pay calculated subsequently. Further robustness checks may
be conducted using the conditional logit model, which relies on more restrictive assumptions but
is less computationally intensive.

To estimate the impact of the exposure to DAT advisories (treatment arms), interaction terms will
be included between the treatment status and the coefficients we hypothesize to have been affected.
We will test in particular whether the treatments increase the probability / WTP for the phone-
based service as opposed to the opt-out option (radio programme), and whether the treatments
change the probability / WTP for the in-person support as opposed to the hotline and for the audio
message as opposed to written message. Further interactions may be tested as exploratory analysis,
as the channel through which the treatments may affect the role of other attributes is less clear.

As an additional analysis to understand the effect of the treatment, the main model specification
will be estimated on the endline data separately for the control group and each treatment group.
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To understand heterogeneity based on observable characteristics (as listed in Table 4),
specifications with interaction terms and separate specifications by sub-group will be used.

5. Fieldwork
5.1 Data Collection

Prior to the experiment, we will organize a two-day training of 15 enumerators, which will be
followed by a one-day pilot to ensure that the modules and the experimental protocol run smoothly.
After the pilot, the team will evaluate the exercise and adjust based on the issues arising from the
pilot. The pilot will be done in Lilongwe district, and NASFAM will facilitate the identification of
the village for the pilot. The data from the pilot will not be used in the main analysis.

We expect the data collection process to take 8-9 weeks, including the pilot. Enumerators will be
trained for two days before the pilot, then the pilot will take one day, and then one day after the
pilot will be reserved for reflection and adjustments. We are expected to spend about 120 minutes
(2 hours) in one village, as one enumerator will be assigned to one respondent at the village level.
Thus, we expect to cover 2 to 3 villages per day. Since we have 70 villages, we expect to spend
about 15 days in each district, making a total of 30 days of actual data collection, plus the 4 days
of the training and pilot, we expect to spend a total of 34 active days in the field. These will be
spread across 8-9 weeks from 12" January to 13" March. The weekends are reserved for rest. We
will also have a period of rest between the two districts as travel between villages is difficult,
especially in wet weather. We have another 2 weeks until March 13", in case we are unable to visit
some villages due to weather-related or other reasons. So, the fieldwork activities are expected to
run from January 12" 2026, to 13™ March 2026.

Data from the experiment will be sent directly from enumerators’ tablets to the research teams'
computers through an online server. We will use Survey Solutions for data collection. Data
protection procedures have been approved by the UCD ethics committee (Ref: HS-CO-25-033-
Garikipati). Ethical approval from Malawi’s National Committee on Research in the Social
Sciences and Humanities (NCRSH) was obtained before fieldwork commencement
(Ref:NCST/RTT/2/6).

5.2 Data Processing

Data processing will involve cleaning the data, managing the data, and analyzing the data. Data
will be reviewed after lab-in-the-field sessions each day to check for errors, if any. We anticipate
data processing to start after all the lab sessions are done and the data is transferred to the research
team anonymously. The research team will share ownership of the processed data, which will be
used and stored in the cloud and on local computers. Data processing is expected to finish within
8 to 10 weeks, starting 23™ March 2026.

20



References

Akello B C and Brunori G. Leveraging digital solutions to address gender inequalities in EU
agriculture: a CODECS framework application [version 1; peer review: awaiting peer review].
Open Res Europe (2025) 5:322 (https://doi.org/10.12688/openreseurope.21445.1).

Aneela Afzal, Mark Bell (2023) Chapter 11 - Precision agriculture: making agriculture sustainable,
Editor(s): Qamar Zaman, Precision Agriculture, Academic Press, Pages 187-210.
https://doi.org/10.1016/B978-0-443-18953-1.00006-4.

Chelliah, S. D., & Bagavan Raj, P. C (2023) Empowering women agripreneurs through precision
agriculture technology adoption: An integrative review of literature. Future of Food: Journal on
Food, Agriculture and Society 11 (4).

Croppenstedt, A., Goldstein, M., & Rosas, N (2013) Gender and agriculture: Inefficiencies,
segregation, and low productivity traps. The World Bank Research Observer, 28(1), 79-109.

Doss, C. R (2018) Women and agricultural productivity: Reframing the Issues. Development Policy
Review, 36(1), 35-50.

Esther L. Achandi, Gaudiose Mujawamariya, Afiavi R. Agboh-Noameshie, Shewaye Gebremariam,
Njaka Rahalivavololona, Jonne Rodenburg (2018) Women’s access to agricultural technologies
in rice production and processing hubs: A comparative analysis of Ethiopia, Madagascar and
Tanzania. Journal  of  Rural  Studies, Volume 60, Pages 188-198.
https://doi.org/10.1016/j.jrurstud.2018.03.011.

Gallen, Y (2015) The gender productivity gap. Unpublished Job Market Paper, Economics
Department, Northwestern University, Evanston, IL.

Garikipati, S (2024) Alleviating Period Poverty in the Global South: Information as a Public Policy
Instrument, in K. Standing, S. Parker and S. Lotter (Eds.), Experiences of Menstruation from the
Global South and North, Oxford University Press. London.

Hackfort, S (2021) Patterns of Inequalities in Digital Agriculture: A Systematic Literature Review.
Sustainability, 13(22), 12345. https://doi.org/10.3390/su132212345.

Hole, A. R., & Kolstad, J. R (2012) Mixed logit estimation of willingness to pay distributions: a
comparison of models in preference and WTP space using data from a health-related choice
experiment. Empirical Economics, 42(2), 445-4609.

Jarial, Sapna and Sachan, Sharad (2021) Digital agriculture through extension advisory services - is it
gender-responsive? A review, International Journal of Agricultural Extension, 9, (3), (559-566).
doi:10.33687/ijae.009.03.3687

Hamisu, K., Auwalu, S.Y., Lawan, A.l., Mohammed, H.S. and Sriker, G.R. (2024) ‘The use of
technology by women in agriculture including mobile apps, precision farming, and agritech’, in
Sadiq, S.M., Karunakaran, N., Makarfi, A.M. and Sharma, S. (eds) Impact of Women in Food
and Agricultural Development. Hershey, PA: IGI Global Scientific Publishing, pp. 398—405.
doi:10.4018/979-8-3693-3037-1.ch020.

Karamba, R.W. and Winters, P.C (2015) Gender and agricultural productivity: implications of the
Farm Input Subsidy Program in Malawi. Agricultural Economics, 46(3), 357-374.
https://doi.org/10.1111/agec.12169.

21



Kilic, T., Palacios-Lopez, A., Goldstein, M (2014) Caught in a productivity trap: A distributional
perspective on gender differences in Malawian agriculture. World Development.
doi.org/10.1016/j.worlddev.2014.06.017.

Liu S (2022) Gender disparities in rural education attainments and agricultural landownership from the
perspective of Sustainable Development Goals (SDGs): evidence from 16 Sub-Sahara African
countries. RAUSP Management Journal, Vol. 57 No. 4 pp. 401412, doi:
https://doi.org/10.1108/RAUSP-01-2022-0031.

Makate, C., and Mutenje, M (2021) Discriminatory effects of gender disparities in improved seed and
fertilizer use at the plot-level in Malawi and Tanzania. World Development Perspectives,
Volume 23. https://doi.org/10.1016/j.wdp.2021.100344.

Maria Fay Rola-Rubzen, Thelma Paris, Jacob Hawkins, Bibek Sapkota (2020) Improving Gender
Participation in Agricultural Technology Adoption in Asia: From Rhetoric to Practical Action.
Applied Economic Perspectives and Policy, 42(1) Pages 113-125.
https://doi.org/10.1002/aepp.13011.

Mbakaya, B (2022) Exploring the potential of household approach in enhancing women participation
in farm decision making processes in Mzimba North, Malawi (Doctoral dissertation, Mzuzu
University).

Mishra, N. K., & Tripathi, T (2011) Conceptualising Women’s agency, autonomy and empowerment.
Economic and Political Weekly, 58-65.

Msofi Mgalamadzi, L., Matita, M., & Chimombo, M (2024) The gendered nature of household
decision making and expenditure choices in the context of smallholder agricultural
commercialization in Malawi. CABI Agriculture and Bioscience, 5(1), 65.

Munyaradzi Mutenje, Henry Kankwamba, Julius Mangisonib, Menale Kassie (2016) Agricultural
innovations and food security in Malawi: Gender dynamics, institutions and market implications.
Technological Forecasting and Social Change, Volume 103, Pages 240-248,
https://doi.org/10.1016/j.techfore.2015.10.004.

Nchanji Eileen , Nduwarugira Eric , Ndabashinze Blaise , Bararyenya Astére , Hakizimana Marie
Bernadette , Nyamolo Victor , Lutomia Cosmas (2023) Gender norms and differences in access
and use of climate-smart agricultural technology in Burundi. Frontiers in Sustainable Food
Systems, Volume 7 — 2023. DOI=10.3389/fsufs.2023.1040977.

Nsanja, L., Kaluwa, B.M., and Masanjala, W.H (2021) Gender gap in agricultural productivity in
Malawi. International Journal of Science Academic Research. 2(5), pp 1488-1496.

Ojo, Temitope O. Baiyegunhi, Lloyd J.S (2023) Gender differentials on productivity of rice farmers in
south western Nigeria: An Oaxaca-Blinder decomposition approach. Heliyon, 9(12) doi:
10.1016/j.heliyon.2023.e22724.

Ortiz-Rodriguez, J., Pillai, V. K., & Ribeiro-Ferreira, M (2017) The impact of autonomy on women’s
Agency. Convergencia, 24(73), 205-221.

Ozor N, Nwakaire J, Nyambane A, Muhatiah W and Nwobodo C (2025) Enhancing Africa’s
agriculture and food systems through responsible and gender inclusive Al innovation: insights
from AI4AFS network. Front. Artif. Intell. 7:1472236. doi: 10.3389/frai.2024.1472236.

Palacios-Lopez, A., & Lopez, R (2015) The gender gap in agricultural productivity: the role of market
imperfections. The Journal of Development Studies, 51(9), 1175-1192.

22



Pandeya, S., Gyawali, B. R., & Upadhaya, S (2025) Factors Influencing Precision Agriculture
Technology Adoption Among Small-Scale Farmers in Kentucky and Their Implications for
Policy and Practice. Agriculture, 15(2), 177. https://doi.org/10.3390/agriculture15020177.

Quisumbing, A (1994) Improving women’s agricultural productivity as farmers and workers.
Education and Social policy, Department Discussion paper, 37.

Ragasa, C., Berhane, G., Tadesse, F., & Taffesse, A. S (2013) Gender differences in access to extension
services and agricultural productivity. The Journal of Agricultural Education and Extension,
19(5), 437-468.

Rao N, Sathe R, Grist N (2025) Gender, intersectionality and climate smart agriculture in South Asia:
A review. PLOS Clim 4(2): e0000482. https://doi.org/10.1371/journal.pclm.0000482.

Sadaf, S.; Khan, N.A.; Shah, A.A.; Alotaib, B.A.; Muzamil, M.R. (2025) The Potential Role of
Precision Agriculture in Building Sustainable Livelihoods and Farm Resilience amid Climate
Change: A Stakeholders’ Perspective from Southern Punjab, Pakistan. Land, 14, 770.
https://doi.org/10.3390/ land14040770.

Scarpa, R., Thiene, M., & Train, K (2008) Utility in willingness to pay space: a tool to address
confounding random scale effects in destination choice to the Alps. American Journal of
Agricultural Economics, 90(4), 994-1010.

Shahbaz, P., ul Haq, S., Abbas, A., Batool, Z., Alotaibi, B. A., & Nayak, R. K (2022) Adoption of
Climate Smart Agricultural Practices through Women Involvement in Decision Making Process:
Exploring the Role of Empowerment and Innovativeness. Agriculture, 12(8), 1161.
https://doi.org/10.3390/agriculture12081161.

Singbo A, E Njuguna-Mungai, J O Yila, K Sissoko, R Tabo, Examining the Gender Productivity Gap
among Farm Households in Mali. Journal of African Economies, Volume 30, Issue 3, June
(2021) Pages 251-284, https://doi.org/10.1093/jae/ejaa008.

Thakur, N (2023) Women Farmers and Technologies in Agriculture: A Review of Current Practices.
In: Munshi, S., Singh, M. (eds) Women Farmers: Unheard Being Heard. Sustainability Sciences
in Asia and Africa. Springer, Singapore. https://doi.org/10.1007/978-981-19-6978-2 12.

Torkelsson, A., & Onditi, F (2018) Addressing gender gaps in agricultural productivity in Africa:
comparative case studies from Tanzania, Malawi and Uganda+. Journal of Sustainable
Development Law and Policy (The), 9(1), 34-57. https://doi.org/10.4314/jsdlp.v9il.3.

Tufa A H, Arega D. Alene, Steven M. Cole, Julius Manda, Shiferaw Feleke, Tahirou Abdoulaye, David
Chikoye, Victor Manyong. Gender differences in technology adoption and agricultural
productivity:  Evidence  from  Malawi.  World  Development, ~ Volume  159.
https://doi.org/10.1016/j.worlddev (2022) 106027.

William J. Burke, T.S. Jayne (2021) Disparate access to quality land and fertilizers explain Malawi’s
gender yield gap. Food Policy, Volume 100. https://doi.org/10.1016/j.foodpol.2020.102002.

Yousif, N. B. A., Mohammed, S. A. R., Youssef, E., & Behari, S (2025) The Influence of Female
Farmers in Digital Urban Agriculture in Khartoum State: Examining Gender Challenges and
Opportunities. Sustainability, 17(22), 10083. https://doi.org/10.3390/sul172210083.

23



