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Abstract 

With the rise of information and communication technologies, localized farmer training 

can be transformed into scalable strategies applicable across diverse communities, 

cultures, and languages. However, the economic value of these approaches and the 

factors shaping their returns remain underexplored. This study presents a general 

framework for evaluating the economic impact of scalable agricultural learning initia-

tives, using multilingual instructional animations and YouTube dissemination as a case 

study. Systems modeling was used to simulate potential returns, assess key drivers of 

impact, and estimate the number of farmers required for economic viability. Sensitivity 

analysis shows that returns are most influenced by the cost to inform an individual, 

adoption rates, and income gains, and to a lesser degree, technique-sharing rates 

and adoption costs. When existing educational content is adapted and its lifespan 

extended, learning initiatives can be economically viable with few targeted farmers, 

making the linguistic adaption into minority or rarer languages an economically viable 

option. The wide variation in returns across scenarios highlights the importance of 

tailoring models to specific contexts to obtain more precise estimates of economic 

impact. These findings underscore the value of adaptable and durable learning materi-

als and suggest that future research-for-development (R4D) investments could benefit 

from systems modeling to identify and prioritize high-impact agricultural solutions.

An investment into knowledge pays the best interest.

~ Benjamin Franklin
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Introduction

Improving agricultural practices yields significant societal benefits in developing 
countries, fostering both individual financial gains and national advancement [1,2]. 
However, challenges persist in disseminating information, notably due to literacy 
and language barriers prevalent in these regions [3]. To address these barriers, 
the utilization of Information and Communication Technologies (ICTs) in the form 
of video-based content and multilingual instructional animations has emerged as a 
promising solution [4,5]. These ICTs not only mitigate barriers but can also leverage 
social media platforms such as YouTube, Facebook, and WhatsApp or specialized 
smartphone applications for widespread dissemination [6–8]. Enhancing mobile 
phone usage, particularly with smartphones, has the potential to provide not just mar-
ket information but also more advanced agricultural extension services [9–11]. Early 
research suggests that in-person training supplemented by ICTs leads to learning 
gains and the adoption of taught material [4,12–16] as well as sharing of knowledge 
[13,17].

Implementing large-scale agricultural learning initiatives often entails a significant 
investment [18], one that may be challenging to justify in the absence of evidence 
demonstrating positive returns [19]. Furthermore, the returns on this investment can 
vary widely depending on the nature of the solution being advocated [1]. While some 
initiatives may generate substantial and immediate returns, others may prove eco-
nomically unfeasible. Given the complexity in measuring impacts, identifying which 
solutions to promote based on economic viability is not straightforward. Hence, there 
is a critical need for quantitative approaches to evaluate the economics of agricultural 
learning, to generate well-grounded estimates of returns to gauge economic viability.

The primary goal of this study is to develop a general framework for evaluating 
the economics of learning initiatives using a systems approach. Our work builds on 
a growing body of system-based applications in agriculture and natural resource 
(AGNR) management. Prior studies have emphasized the value of system dynam-
ics for addressing complex AGNR problems, particularly in identifying trade-offs 
between short- and long-term strategies [20]. Other work has demonstrated the utility 
of systems modeling for evaluating technology adoption and diffusion processes in 
agribusiness [21], assessed policy instruments such as payment for environmen-
tal services in livestock systems [22], and developed integrated agroecosystem 
models that capture environmental, economic, and social trade-offs [23]. More 
relevant, the need for next-generation agricultural system models that leverage 
advances in ICT to improve decision-making and impact assessment has also been 
suggested [24]. Aligning with this, the present study is intended as a preliminary 
exploration to generate early insights into the key drivers that enhance returns in 
Research-for-Development (R4D) on ICT-based learning initiatives. It represents a 
foundational step in an iterative process that includes the design of future data collec-
tion efforts to improve model accuracy and the use of refined models to identify and 
prioritize high-impact agricultural learning strategies.

This paper makes three novel contributions to the literature on digital agriculture 
and development economics. First, we introduce a systems-modeling framework that 
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explicitly integrates information diffusion dynamics with paid advertisement inputs, enabling the joint analysis of organic 
knowledge sharing and targeted promotion in ICT-based agricultural learning programs. Second, the framework provides 
a quantitative evaluation of scalability and multilingual deployment strategies, allowing decision-makers to assess how 
language diversification with content replication influence reach, adoption, and cost-effectiveness at scale. Third, we 
deliver a policy-relevant economic assessment that generates comparable return-on-investment metrics, facilitating direct 
comparison between ICT-enabled learning initiatives and traditional agricultural extension models. Together, these contri-
butions extend prior work by moving beyond descriptive evaluations and offering an integrated, quantitative approach for 
designing, scaling, and economically justifying digital agricultural learning interventions.

Materials and methods

Overall system

In Fig 1, we present the basic system diagram that will be used to evaluate the economic impact of learning initiatives. 
This systems methodology is flexible and can be adapted for a variety of interventions. For example, the system output 
could be economic gains from improved grain storage that minimize post-harvest loss or another key metric, such as 
caloric intake in a nutritional program. Additionally, this methodology can be applied to various information dissemination 
approaches (e.g., paper-based materials, farmer field schools). Here, we focus on multilingual instructional animations 
using YouTube dissemination. Given the limited understanding of the economic benefits of this dissemination approach, 
this type of investigation is needed.

The overall system being modelled for the agricultural learning initiative represents a series of processes that convert 
various system inputs into outputs. The first process, production, converts educational concepts and production costs 
into scientifically vetted learning material, such as multilingual animations that provide simple step-by-step instructions on 
agricultural best practices [4]. In the second process, deployment, animations then serve as inputs along with deployment 
costs (e.g., cost to promote learning concepts through YouTube) to disseminate the material to convert non-informed 
end-users into informed end-users. In the third process, adoption, informed end-users along with adoption costs serve as 
inputs to estimate the output, in this case, the expected revenue increase for the informed population. Finally, all the input 
costs for production, deployment, and adoption are fed into the last process, returns, along with the expected revenue 
increase, to estimate the internal rate of return (IRR) for the learning initiative – the overall system output.

Production base model

In this case study, multilingual instructional animations are used to illustrate the learning concepts. To accommodate 
regional linguistic diversity, voice overs are used to produce language-specific versions of animations, in this case 20 
language variants. An initial cost for animation creation of $20,000, with an additional expenditure of $500 per language 

Fig 1.  Basic systems diagram illustrating the economic impact assessment of scalable agricultural learning initiatives. The blue boxes repre-
sent generic processes that convert subsystem inputs (e.g., costs) into outputs. Note that some outputs serve as inputs for subsequent subsystems. The 
green box represents the process to estimate the internal rate of return (IRR), which also serves as the overall system output.

https://doi.org/10.1371/journal.pone.0343613.g001

https://doi.org/10.1371/journal.pone.0343613.g001


PLOS One | https://doi.org/10.1371/journal.pone.0343613  March 10, 2026 4 / 14

variant, is used for the base model. These are typical costs to create SAWBO multilingual instructional animations, specifi-
cally developed to inform low-literacy and non-English speaking populations [25,26].

Deployment base model

Deployment is one of the more complex subsystems to represent, with numerous potential modeling approaches to 
map out information dissemination. For a comprehensive review of various model types, one can refer to [27]. For this 
case study, we modified a simple epidemiological model. These models, traditionally employed in the study of infec-
tious disease, offer insights relevant to the spread of information within a population. Just as contagious diseases 
propagate through communities, information can exhibit similar behavior, a phenomenon effectively captured by an SI 
(Susceptible-Infectious) model. In our case, the SI (Susceptible-Informed) model captures the sigmoid trajectory in infor-
mation dissemination, where there is some initial exponential growth, followed by a leveling off of the number of informed 
people over time as learning in the population becomes saturated. Fig 2 visually depicts this property of information 
dissemination.

Based on the simple SI model, the dynamic difference equations for information dissemination are presented in eq 1–2:

	 S(t) – S(t – 1) = –aS(t – 1)I(t – 1)	 (1)

	 I(t) – I(t – 1) = aS(t – 1)I(t – 1)	 (2)

where S(t) represents the number of susceptible people, people who would want to acquire the information at year t,
with S(0) representing the initial size of the target population for information dissemination, I(t) represents the number of 
informed people, people who have acquired the information at year t, with I(0) representing the initial informed population, 
and a represents a sharing effect, more specifically, the probability that an interaction between S and I will result in a new 
informed person. (t – 1) represents data from the previous year.

The rate of change in the number of new informed, I(t) – I(t – 1), is not constant but changes over time, thus giving the 
sigmodal shape in Fig 2. This change in the number of informed is governed by the sharing of knowledge within the sys-
tem, aS(t – 1)I(t – 1), and represents growth that occurs naturally within the population without external input (i.e., learning 
investments to increase the number of informed).

Fig 2.  Simulation of information dissemination. The Susceptibility-Informed (SI) model captures the change in the number of informed famers over 
time as a result of sharing of knowledge. In this example, 10% of a population of 100,000 farmers learn the presented material.

https://doi.org/10.1371/journal.pone.0343613.g002

https://doi.org/10.1371/journal.pone.0343613.g002


PLOS One | https://doi.org/10.1371/journal.pone.0343613  March 10, 2026 5 / 14

Obtaining an initial estimate of a for the SI model is not straightforward (see supplemental material for details). We 
estimated a, the probability that an interaction between a susceptible and an informed individual results in a new informed 
individual, to be approximately 0.0001, equivalent to one new informed person per 10,000 such interactions. For ICT-
based dissemination, each informed person was estimated to generate about four shares per year [7]. Accordingly, a 
increases to 0.0004 (4 × 0.0001).

Next, we expand the SI model to also capture growth in the number of informed attributed to information campaign 
spending, bM(t – 1). The expanded dynamic difference equations incorporating this growth are presented in eq 3–4:

	 S(t) – S(t – 1) = –aS(t – 1)I(t – 1) – bM(t – 1)	 (3)

	 I(t) – I(t – 1) = aS(t – 1)I(t – 1) + bM(t – 1)	 (4)

where M(t – 1) represents the amount of money in USD spent on a learning initiative in the previous year, b reflects the 
increase in the number of informed per USD spent. For online learning using multilingual instructional animations and 
YouTube dissemination, parameter b averaged 0.56 new informed per USD, which represents a cost of approximately 
$1.80 to obtain one new informed person [8] (Table 1). For simplicity, we assume that those exposed to the learning con-
tent have acquired the knowledge based on the high recall rate, which is typically greater than 90% for this dissemination 
approach based on previously published results [13].

Adoption base model

Not all informed people will adopt the technique in the learning initiative; therefore, another parameter was included 
reflecting the adoption rate. For the base model, an adoption rate of 0.055 is used. This rate is derived from the reported 
average adoption rate of 49.8% for in-person training [32], adjusted to account for an estimated 11% knowledge uptake 
and adoption when transitioning from in-person training to mass dissemination methods (49.8% × 11% ≈ 5.5% or 0.055) 
[33] (Table 1).

In addition to adoption rate, two additional parameters are included to estimate the expected increase in income, 
revenue(t), in the informed population at time t: annual income,the annual income that a non-informed farmer is expected 
to generate, and income gain,the change in income from adopting the technique in the learning initiative, expressed as a 
proportion of the non-informed income. For the base model, the average annual income is set at $1,177 based on [34]. 
The income gain is assumed to be 0.19 (19%) based on metanalysis in [1] (Table 1). The revenue equation, incorporating 
adoption rate, annual income and income gain, is presented in eq 5:

	 revenue(t) = I(t) ∗ adoption rate ∗ annual income ∗ income gain	 (5)

Table 1.  Key model parameters based on values in agricultural learning literature.

Model Parameter Base Model Value Literature

Sharing rate (a) 0.0004 Meta analysis shows weak diffusion [1]; systemic review shows positive diffusion effect [28]; 
RCT shows intergenerational knowledge transfer [17]; ~ 3 non-trained farmers per trained 
farmers [29]

Number of informed per USD (b) 0.56 ≈ $1.80 per new 
informed

$1.80 per new informed using SAWBO animation and YouTube [8] (range = $0.10 – $5.20, 
unpublished); $9 to $35 per farmer for farmers field school [30,31]

Adoption rate 49.8% x 11%
≈ 5.5%

49.8% adoption rate for SAWBO in-person training [32]; 11% knowledge uptake and adoption 
from in-person training to mass media campaigns [33]

Income gain 19% Meta analysis shows average increase in profits of 19% [1] (range = 11%−110%, [1,19,34–36])

https://doi.org/10.1371/journal.pone.0343613.t001

https://doi.org/10.1371/journal.pone.0343613.t001
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Returns base model

To estimate the expected IRR returns, cashflows were obtained during base model simulations over a 3-year period. This 
timeframe was chosen to ensure models do not vary significantly over the simulation period and to align with potential 
funders’ preference for demonstrating immediate impact. The equation for cashflow(t) [eq 8] is derived as follows:

	 cash in(t) = revenue(t)	 (6)

	 cash out(t) = production cost(0) +M(t) + adoption costs(t)	 (7)

	 cashflow(t) = cash in(t) – cash out(t)	 (8)

where production costs(0) represents the cost to create the educational animation along with the 20 language variants at 
year 0, $30,000 USD for the base model; M(t) represents the learning initiative campaign spending, which for the base 
model was set at $10,000 USD for the first 3 years; adoption costs(t) represents the yearly cost for every informed farmer 
who adopts the technique in the learning initiative. In this model, the cost per farmer who adopts the taught technique 
is anticipated to be $12 USD annually [37]. The focus here is on costs at the lower range that may be more feasible for 
a smallholder farmer to adopt (e.g., PICS bags), as opposed to larger capital investments that may be more suitable for 
larger farms.

Using cashflows, IRRs were obtained using the npf.irr(cashflow) function from the numpy_financial library in Python 
3.9. Note that all cashflows represent present day values.

Sensitivity analysis using a population of 100,000

The base model assumes fixed parameters, yet farming contexts and populations are inherently diverse. In reality, factors 
such as literacy levels, cultural norms, prior exposure to digital tools, socioeconomic conditions, crop types, and baseline 
soil quality can all lead to substantial variation in outcomes. To account for this heterogeneity, we conducted simulations 
across a wide range of parameter values to identify the contextual conditions under which positive returns are most likely 
to occur. Following standard deterministic sensitivity analysis practice using relative (multiplicative) parameter variation 
[38], we varied key system inputs (i.e., production cost, deployment cost, adoption cost) and parameters (i.e., sharing rate, 
adoption rate, annual income, income gain) by 1/4 × , 1/2 × , 2 × , and 4× of their base model values. These ranges were 
selected to assess the relative sensitivity of IRR to fluctuations in the model rather than to define absolute uncertainty 
bounds. Because empirical variances and defensible distributions are not well characterized, relative scaling provides a 
transparent approach for comparing input and parameter influence without relying on speculative assumptions. In addition 
to IRR, the expected overall cost and revenue over the 3-year period, time to inform 10% of the population, and number of 
adopters were also estimated.

Sensitivity analysis varying population size

To evaluate the economic feasibility of a learning initiative, a breakeven analysis was performed. The base model was 
used to estimate the minimum number of targeted farmers required to achieve a 0% IRR for target populations, S(0), 
ranging from 1 to 10,000,000 in increments of 100. Additionally, the maximum IRR across all target population sizes was 
estimated.

Simulations were conducted to evaluate the effects of reducing production, deployment, and adoption costs on 
breakeven points and maximum IRR. Input costs (i.e., production cost, deployment cost, adoption cost) were varied by 
1/4 × , 1/2 × , 2 × , and 4× of their base model values to evaluate their impact on breakeven and maximum IRR estimates 
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for each scenario. For deployment, cost reductions reflect more efficient campaigns (i.e., a change in parameter b), rather 
than a reduction in campaign spending (i.e., a change in variable M).

Sensitivity analysis varying the impact period

Simulations were conducted to estimate breakeven points and returns for the base model across different impact periods, 
ranging from 3 (base model), 5, 10, 15, and 30 years. This analysis examines how extending the timeframe affects both 
the maximum return and the minimum number of farmers that must be targeted for the learning initiative to remain eco-
nomically viable.

All simulations were conducted in the Jupyter Notebook environment (v7.3.2) [39].

Results

Sensitivity analysis using a population of 100,000

Simulations using the base model predict it will take approximately 1.6 years to inform 10% of the population and to have 
548 farmers adopt the taught technique for a target population of 100,000 (Fig 3). The expected total cost over the 3-year 
period is projected to be $84,098, which is inclusive of the $30,000 investment in the instructional animation creation with 
20 languages ($20,000 for the original animation + $10,000 in translations), $30,000 in campaign spending, and $12 per 
year costs for the farmer to employ the technique. The projected revenue generated from an increase in income over the 
3-year period is approximately $449,217. The returns under a base model scenario for the agriculture learning initiative 
are expected to generate an IRR of 208%.

Sensitivity analysis revealed that returns were more influenced by production and deployment costs than adoption 
costs (Fig 4). Interestingly, reducing annual campaign spending (M), led to lower returns, whereas more aggressive 
campaign spending yielded higher economic benefits. Among the key parameters, returns were most sensitive to cost per 
informed, adoption rates, annual income, and income gain, while adoption costs and sharing rates had a comparatively 
smaller impact.

Fig 3.  Simulation using the base model. The top panel shows the projected increase over time in the number of farmers expected to adopt the taught 
technique. The dotted vertical line represents the period when 10% of population is informed. The bottom panel illustrates the corresponding increase in 
revenue resulting from farmers’ adoption of the technique.

https://doi.org/10.1371/journal.pone.0343613.g003

https://doi.org/10.1371/journal.pone.0343613.g003
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Sensitivity analysis varying population size

As the number of targeted farmers increased, the expected returns also increased monotonically, reaching a peak of 
approximately 651% in the base model scenario (Fig 5; Table 2). Adjusting production costs had little impact on the max-
imum return, which remained within a narrow range of 606% to 664% (Fig 5 left, see 3-year impact period in Table 2). In 
contrast, changes in the cost per informed had a substantial effect, with maximum returns ranging from 152% at $7.20 per 
new informed to 2,538% at $0.45 per new informed (Fig 5 center). Adoption costs, however, had a minimal influence on 
the maximum return, which varied only slightly between 542% and 678% (Fig 5 right).

Fig 4.  Heatmap visualizing the influence of base model changes on returns. Relative changes of 1/4× = 25%, 1/2× = 50%, 1× = 100% (base model), 
2× = 200%, and 4× = 400% were simulated. Higher returns are represented in blue and lower returns in red, with a neutral reference point set at the base 
model return of 208%.

https://doi.org/10.1371/journal.pone.0343613.g004

Fig 5.  The effect of target population size on internal rate of returns (IRR). Increasing the target population size (S(0)), which represents the 
number of farmers who would benefit from the taught technique, led to higher returns. The left plot shows how reducing production costs affects returns 
slightly. The center plot reveals that lower deployment costs (i.e., more cost-effective campaigns) can substantially enhance returns for larger target 
populations. The right plot indicates that reductions in adoption costs have a minimal impact on returns.

https://doi.org/10.1371/journal.pone.0343613.g005

https://doi.org/10.1371/journal.pone.0343613.g004
https://doi.org/10.1371/journal.pone.0343613.g005
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When evaluating the breakeven point for the learning investment, the number of farmers that needed to be targeted to 
generate a positive return was more sensitive to production and deployment costs than adoption costs. Reducing produc-
tion costs from the base model value of $30,000 to $7,500 lowered the breakeven point from 7,593 farmers to 1,898 farm-
ers (Table 2). Similarly, decreasing deployment costs from $1.80 (b = 0.56) to $0.45 (b = 2.2) per new informed reduced the 
breakeven point from 7,593 farmers to 1,950 farmers. In contrast, reducing the adoption costs only marginally shifted the 
breakeven point to 7,260 farmers under the best-case scenario.

Sensitivity analysis varying the impact period

All impact periods showed similar maximum returns but varied in terms of breakeven points (Fig 6; Table 2). For economic 
viability, shorter timeframes require targeting substantially larger farmer populations: 77,592 farmers for a 3-year period 
and 22,916 farmers for a 5-year period. This contrasts with longer impact periods, where viable target populations are 
around 678 farmers for a 10-year period, 308 farmers for a 15-year period, and 113 farmers for a 30-year period.

Discussion

The primary goal of this study was to develop a general framework for evaluating the economic impact of scalable agricul-
tural learning initiatives using a systems approach. Specifically, we employed system models to simulate potential returns 
on ICT-based learning investments, analyze factors influencing returns, and predict the number of farmers needing to be 
targeted to breakeven to achieve economic viability. Preliminary simulations suggest that ICT-based learning initiatives 
aimed at improving agricultural practices can yield substantial returns and appear for most scenarios to be economically 
viable. However, the considerable range in estimates across various scenarios underscores the necessity for tailored 
modelling of specific learning initiatives to verify their economic benefits.

Simulations highlight several key factors for maximizing returns. Selecting learning topics that lead to high adoption 
rates, drive income gains, and lower the cost per informed farmer, is essential, as these are critical determinants of overall 
returns. Further, increasing early campaign spending accelerates adoption, generating the revenue needed to offset initial 
production costs more efficiently. While scaling outreach to larger audiences significantly enhances returns, targeting 
smaller farmer groups can also be viable if production costs are minimized. In this regard, multilingual instructional anima-
tions offer a cost-effective approach, enabling content to be shared across multiple regions. Follow-up simulations indicate 
that producing an additional language variant for $500 would require only 130 farmers to breakeven (Fig 7 and Table 2). 
Moreover, extending the lifespan of learning initiatives significantly reduces the number of farmers needed to achieve eco-
nomic viability, making programs that address ongoing or recurring challenges, where the same content can be reused, 
more economically viable than those focused on transient, short-term issues.

Table 2.  Influence of production costs and impact period on the number of farmers needing to be targeted to breakeven and the max IRR 
using a target population of 10 million farmers.

Production
Costs

Number of farmers to be targeted to breakeven Max IRR

3 years 5 years 10 years 15 years 30 years 3 years 30 years

$120k (400%) 30,370 11,664 2,707 1,228 445 606% 612%

$60k (200%) 15,185 5,832 1,354 615 224 635% 641%

$30k (100%) 7,593a 2,916 678 308 113 651% 657%

$15k (50%) 3,796 1,459 341 160 83 659% 665%

$7.5k (25%) 1,898 730 174 93 64 664% 669%

$500 (1.7%)b 130 74 39 24 7 667% 673%
aBase model scenario of $30k production cost with impact period of 3 years.
bA typical cost to develop a new language variant for multilingual instructional animations is approximately $500.

https://doi.org/10.1371/journal.pone.0343613.t002

https://doi.org/10.1371/journal.pone.0343613.t002
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Our study examined a broad range of scenarios, with the base model projecting an internal rate of return (IRR) of 208% 
for a target population of 100,000. Notably, our 30 year IRR estimate of 657% far exceeds the reported 30 year average 
of 45% for agricultural learning initiatives in Africa [40]. While this discrepancy raises questions about model accuracy, it 
may also reflect fundamental differences in dissemination approaches. Published returns are largely derived from farmer 
field schools, which involve deployment costs ranging from $9 to $35 per farmer [30,31]. In contrast, the digital learning 

Fig 6.  Impact period influence on internal rate of return (IRR) and breakeven point. Breakeven points represent the number of farmers needing 
to be targeted to cross the 0% IRR threshold. All impact periods show similar maximum returns (IRR) but varied in terms of breakeven points. Longer 
impact periods (10, 15, 30 years) significantly shift breakeven points to smaller target populations, indicating that short-term projects (3 and 5 years) 
require targeting larger farmer groups to remain economically viable.

https://doi.org/10.1371/journal.pone.0343613.g006

Fig 7.  Number of farmers required to breakeven. The number of farmers required to breakeven under different scenarios for both new animation 
creation (left) and a new language variant (right) creation of an existing animation at 30 years or 3 years.

https://doi.org/10.1371/journal.pone.0343613.g007

https://doi.org/10.1371/journal.pone.0343613.g006
https://doi.org/10.1371/journal.pone.0343613.g007
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approach modeled here assumes a substantially lower cost of $1.80 per informed individual [8] (Table 1), which may 
partially explain the higher projected returns. A follow-up simulation using a $35 per new informed farmer resulted in a 
30-year return of 52%, aligning more closely with published estimates. Nevertheless, given the preliminary nature of our 
analysis, we cannot state with certainty that digital dissemination yields returns as high as those simulated, nor can we 
definitively identify the key drivers of these elevated returns if they do exist.

Recent research in information systems suggests that scalable digital platforms, such as large language models 
applied in blockchain-based supply chain finance and decentralized finance [41,42], create economic value by reducing 
information asymmetries, and exploiting high fixed development costs with low deployment costs [43]. Although these 
studies focus on financial and enterprise systems, the same economic mechanisms may underpin scalable digital agricul-
tural learning platforms. This study extends this literature by quantitatively modeling how multilingual, digitally delivered 
agricultural knowledge translates these efficiencies into income gains for smallholder farmers, showing the potential for 
substantial economic returns.

In terms of limitations, our study permitted system parameters to vary independently in simulations, whereas in 
reality, these attributes are likely correlated. For instance, adoption costs and adoption rates likely exhibit interdepen-
dence. By modelling more specific scenarios, it should be possible to account for these dependencies and to gener-
ate more precise estimates. Subsequent research efforts should prioritize real-world data collection to refine models, 
while leveraging current model insights. Our simulations underscore the time-intensive nature of educating the pop-
ulation (see Fig. 2), particularly at lower campaign spending levels where sharing of learning content predominantly 
serves to increase awareness. Consequently, greater campaign spending is recommended not only to improve returns 
but also to facilitate data collection efforts for model refinement, given that a larger population of informed farmers 
enables more robust sampling essential for accurately measuring system characteristics. Insights gleaned from sim-
ulations can inform the design of data collection methodologies, including determining the optimal timing for sampling 
the population following the start of a learning intervention and identifying key variables to be precisely measured 
based on sensitivity analysis.

Furthermore, future research should explore alternative model types, such as social network graphs and time-varying 
models, to enhance predictive capabilities while upholding reliability and interpretability. As more granular data becomes 
available, models can evolve in complexity as needed to better mirror real-world intricacies. This could include incorporat-
ing parallel dissemination channels to reach both technology adept farmers using ICT-based systems and other farmers 
using more traditional extension services.

Conclusions

Drawing lessons from past industrial revolutions, which transformed production from artisanal to scalable processes, 
underscores the potential for a similar transformation in agricultural learning within international development. The rise of 
ICTs and online dissemination platforms presents a timely opportunity to move beyond traditional training methods toward 
more advanced, scalable approaches. This evolution not only broadens access to learning but also reduces the cost of 
translating R4D innovations into practical, income-generating applications for farmers.

At the same time, several limitations of the present study warrant consideration. The simulation-based results rely 
on simplifying assumptions to represent complex real-world processes (e.g., information sharing, adoption behavior, 
and income gains) and have not been validated over long time horizons or across diverse agroecological conditions. In 
addition, the current analysis focuses on economic outcomes and does not explicitly account for broader environmental or 
societal impacts. Importantly, however, the modeling framework is designed to support iterative refinement: as ICT-based 
learning initiatives are deployed, empirical data on reach, adoption, and outcomes can be continuously collected to update 
model parameters in a context-specific manner. Viewed in this light, the simulations provide an initial decision-support 
baseline that can be progressively improved over time, rather than a fixed or static forecast.



PLOS One | https://doi.org/10.1371/journal.pone.0343613  March 10, 2026 12 / 14

Looking ahead, future R4D learning initiatives could benefit from the integration of systems modeling to identify, com-
pare, and prioritize high-impact agricultural solutions. For organizations focused on building farmer capacity in interna-
tional development settings, there is a critical need for decision-support tools that assess the potential value of training 
and learning investments. Prior to launching a learning initiative, preliminary system estimates (e.g., expected number of 
farmers targeted, projected increases in income, etc...) can be used to forecast economic returns. This approach helps 
ensure that limited resources are directed toward initiatives with the greatest potential impact.

In regions like Africa, where rapid population growth and climate change threaten food security, the urgency to scale 
and optimize agricultural learning is especially acute. As our simulations suggest, ICT-based approaches hold significant 
promise, not only for combating hunger, but also for advancing economic development among farming communities. 
Moreover, digital media offers several unique advantages that reinforce this potential. Its flexibility enables rapid multi-
lingual adaptation and dissemination across diverse linguistic and cultural contexts; its persistence allows content to be 
reused over time at minimal cost; and its network effects arising from peer-to-peer sharing and social platforms further 
amplify the reach of digital learning, an effect captured in our SI-inspired modeling framework. Collectively, these charac-
teristics highlight the potential of ICT-based learning to complement traditional agricultural capacity-building approaches 
by promoting more inclusive, efficient, and sustainable forms of knowledge diffusion in the Global South.
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