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Abstract

Subject and purpose of work: The study examines how Information and Communication 
Technology (ICT) diffusion influences agricultural value-added in 37 Sub-Saharan African 
countries from 2012 to 2022. It aims to identify which ICT components – internet use, broadband, 
mobile, and fixed telephone subscriptions – most effectively drive agricultural transformation 
and productivity.
Materials and methods: Using a two-step System Generalized Method of Moments (System 
GMM) estimator, the study addresses endogeneity, persistence, and unobserved heterogeneity 
in dynamic panel data. The model includes key ICT indicators and control variables such as gross 
fixed capital formation and natural resource rents, supported by diagnostic tests for validity and 
robustness.
Results: Findings show that internet use and fixed telephony positively influence agricultural 
value-added, while broadband and mobile subscriptions show negative effects, reflecting 
infrastructure and saturation challenges
Conclusions: ICT diffusion fosters agricultural transformation in SSA, contingent on digital 
literacy, infrastructure, and institutional readiness
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1.	 Introduction

1.1 Background of the study 

	 Agriculture still employs over 60% of the workforce and contributes 15% to 35% of GDP in the ma-
jority of Sub-Saharan African (SSA) economies (World Bank, 2023; FAO, 2022). The industry is crucial 
for rural livelihoods and export earnings in addition to food security. Despite this centrality, structural 
problems like low technological adoption, poor infrastructure, limited market integration, information 
asymmetry, and climate vulnerability prevent SSA’s agricultural productivity from reaching global av-
erages (Binswanger-Mkhize & McCalla, 2010; Christiaensen et al., 2021). In recent decades, information 
and communication technology, or ICT, has emerged as a game-changing instrument for dismantling 
these barriers. Through mobile phones, broadband connectivity, internet use, and fixed-line networks, 
ICT diffusion offers powerful tools to enhance financial inclusion, farm management, information access, 
and smallholders’ access to input and output market (Qiang et al. 2009; FAO, 2022; World Bank, 2023). 
Understanding how ICT diffusion affects agricultural performance in SSA is therefore necessary for cre-
ating growth plans that are equitable, sustainable, and grounded in evidence in the digital age.
	 Numerous empirical studies around the world have found a positive correlation between ICT dif-
fusion and agricultural productivity. Broadband infrastructure and internet access have been shown to 
significantly boost farm productivity and rural economic diversification in developed ncountries. LoPic-
calo, (2022) and Qu et al., (2025), for instance, found that broadband penetration and speed enhance-
ments greatly raised farmland values and agricultural output in U.S. counties. Similarly, using farm-level 
data from China, Deng et al., (2024) and Li et al., (2024), demonstrated that internet use enhances land 
productivity, technical efficiency, and green total factor production through information acquisition and 
technological upgrading. Grimes et al., (2012) and the (OECD, 2019) are two earlier studies that empha-
size the catalytic impact of broadband in agricultural innovation, precision farming, and environmental 
sustainability. When taken as a whole, these studies demonstrate how ICT functions as a general-purpose 
technology that supports real-time data utilization, market response, and resource optimization.
	 In developing countries across Asia and Latin America, ICT-enabled agricultural advice systems have 
resulted in measurable increases in production. Fabregas et al., (2019), summarized several randomized 
field experiments to show that mobile-based advisory services increased farmers' adoption of improved 
seeds and fertilizers and produced modest but statistically significant yield gains, especially when the 
communication was interactive and localized. Similarly, Cole & Fernando, (2021), found that voice-based 
mobile treatments in India increased farmers' knowledge and maintained behavioural changes toward 
better input usage. According to De Janvry et al., (2016), mobile price information systems in Latin 

Streszczenie

Przedmiot i cel pracy: Niniejsze badanie analizuje wpływ upowszechnienia technologii informacyjno-komunikacyjnych 
(ICT) na wartość dodaną w rolnictwie w 37 krajach Afryki Subsaharyjskiej w latach 2012-2022. Celem badania jest określenie, 
które komponenty ICT – korzystanie z Internetu, szerokopasmowy dostęp do Internetu, abonamenty telefonii komórkowej 
i stacjonarnej – najskuteczniej napędzają transformację i produktywność rolnictwa.
Materiały i metody: Wykorzystując dwuetapowy estymator Systemowej Metody Uogólnionych Momentów (System GMM), 
badanie uwzględnia endogeniczność, trwałość i nieobserwowaną heterogeniczność dynamicznych danych panelowych. Model 
obejmuje kluczowe wskaźniki ICT i zmienne kontrolne, takie jak nakłady brutto na środki trwałe i renty z tytułu zasobów 
naturalnych, poparte testami diagnostycznymi w zakresie trafności i odporności.
Wyniki: Wyniki wskazują, że korzystanie z Internetu i telefonii stacjonarnej pozytywnie wpływa na wartość dodaną w rol-
nictwie, podczas gdy abonamenty szerokopasmowe i mobilne wywierają negatywny wpływ, odzwierciedlając wyzwania in-
frastrukturalne i nasycenie rynku.
Wnioski: Rozpowszechnienie ICT sprzyja transformacji rolnictwa w Afryce Subsaharyjskiej, w zależności od kompetencji 
cyfrowych, infrastruktury i gotowości instytucjonalnej.

Słowa kluczowe: technologie informacyjno-komunikacyjne, wartość dodana w rolnictwie, system GMM, Afryka Subsaharyj-
ska, transformacja cyfrowa
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America improved farmers' bargaining power and reduced post-harvest losses. Together, these findings 
show that the spread of ICT improves the connection between adoption, knowledge, and productivity – 
especially when tailored to farmers' local contexts and paired with additional services.
	 ICT adoption is now regarded as a key enabler of Africa's agricultural transformation. Aker & Mbiti, 
(2010), provided early evidence that mobile phones reduce information asymmetries in African agricul-
tural markets, lowering search costs and improving price efficiency. Follow-up research confirmed these 
mechanisms: According to Quandt et al., (2020) and Mwikamba et al., (2024), mobile use for agricultural 
purposes (such as contacting buyers, checking weather updates, or receiving extension communications) 
is linked to higher yields and technical efficiency among smallholders. At the macro level, mobile pen-
etration has a positive effect on total factor production and agricultural value added across SSA, claim 
(Adenubi et al., 2021; Onyeneke et al., 2023). These findings demonstrate how institutional and spatial 
constraints can be lessened with the aid of mobile connectivity. However, the effects of mobile devices 
vary depending on factors like network coverage, literacy, and access to electricity (Asongu & Odhiambo, 
2019; Abate et al., 2023).
	 In addition to mobile technologies, internet adoption and broadband connectivity have grown in im-
portance for raising agricultural productivity. Suroso et al., (2022), Oyelami et al., (2022), and Domguia 
& Asongu, (2025), have found that internet connectivity and fixed broadband subscriptions significantly 
contribute to agricultural value-added in developing countries, especially Africa. Internet connectivity 
facilitates knowledge sharing, e-extension, e-commerce, and digital finance, allowing smallholders to 
participate in regional and global value chains. Additionally, broadband connections support precision 
agriculture and digital monitoring systems that maximize water and fertilizer use (Sanders et al., 2022). 
Nevertheless, empirical evidence also shows that the advantages of broadband are contingent on auxil-
iary infrastructure, such as power, human capital, and institutional capacity (Kouam & Asongu, 2023; 
World Bank, 2023). Without these additional services, expanding broadband might not boost productiv-
ity on its own.
	 Fixed telephone subscriptions, which stand in for legacy ICT infrastructure, have inconsistent em-
pirical results. Onyeneke et al., 2023), discovered negative long-term associations between fixed-line 
subscriptions and agricultural output, indicating technological obsolescence and substitution by mobile 
services, despite studies that treated fixed telephone as part of a composite ICT index Suroso et al., (2022) 
and Rajkhowa & Baumüller, (2024), having positive aggregate effects. These conflicting findings indicate 
that, depending on the institutional structure and degree of technological development in each country, 
ICT indicators function in concert rather than as precise substitutes.
	 Despite this growing corpus of research, methodological and empirical flaws remain. First off, most 
of the existing research on ICT and agriculture in SSA has concentrated on mobile technologies, with little 
consideration given to the combined and comparative effects of other ICT components like internet use, 
broadband, and fixed-line networks (Abate et al., 2023; Onyeneke et al., 2023). Second, in order to account 
for endogeneity, dynamic interactions, and long-term adjustments between the diffusion of ICT and agri-
cultural performance, previous studies have often relied on static panel models or cross-sectional models 
(S. A. Asongu & Le Roux, 2017; Domguia & Asongu, 2025). Third, research has yielded inconsistent and 
sometimes contradictory findings because of data and methodological flaws, like using only one ICT in-
dicator or failing to take structural heterogeneity (like trade openness, financial depth, and electricity 
access) into consideration. 
	 The current study fills in these gaps using a panel System Generalized Method of Moments (GMM) 
estimator on data from 37 SSA countries from 2012 to 2022. Endogeneity, dynamic bias, and unobserved 
country-specific heterogeneity are likely to arise in models that relate ICT adoption to economic perfor-
mance. The System GMM approach is particularly suitable for these reasons (Arellano & Bover, 1995; 
Blundell & Bond, 1998). By combining four distinct ICT diffusion indicators mobile cellular subscriptions 
(MCS), fixed broadband subscriptions (FBBS), individuals using the internet (IUT), and fixed telephone 
subscriptions (FTS) the study provides a more comprehensive, multifaceted, and dynamic assessment of 
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ICT’s contribution to agricultural development in SSA in addition to enabling variables like trade open-
ness, electricity access, and domestic credit to the private sector.

1.2 Hypotheses

	 Based on the empirical data and theoretical insights reviewed, this study formulates testable hy-
potheses regarding the various effects of ICT diffusion indicators on agricultural-sector value-added in 
Sub-Saharan Africa (SSA), including internet usage (IUT), fixed telephone subscriptions (FTS), mobile 
cellular subscriptions (MCS), and fixed broadband subscriptions (FBBS).

	• H₁: Agricultural value-added (as a % of GDP) in Sub-Saharan Africa is statistically significantly im-
pacted by mobile cellular subscribers (MCS).

	• H₂: Agricultural value-added (as a % of GDP) in Sub-Saharan Africa is statistically significantly im-
pacted by Internet usage (IUT). 

	• H₃: Agricultural value-added (as a % GDP) in Sub-Saharan Africa is statistically significantly impac-
ted by fixed broadband subscriptions (FBBS). 

	• H₄: Agricultural value-added (as a % of GDP) in Sub-Saharan Africa is/not statistically significantly 
impacted by fixed telephone subscribers (FTS) or otherwise.

2.	 Theoretical and empirical literatures reviews 

2. 1 Theoretical literatures reviews 

	 Information and communication technology (ICT) integration in agriculture is based on a number of 
interrelated theoretical frameworks that explain how digital tools can overcome structural inefficiencies 
and spur productivity growth, especially in agrarian economies like those in Sub-Saharan Africa (SSA). 
The basic theoretical stances that portray ICT as a transformative facilitator of agricultural growth rath-
er than merely a communication tool are compiled in this paper. Information economics, endogenous 
growth theory, induced innovation theory, and general-purpose technology (GPT) theory are four signif-
icant theoretical perspectives that are especially noteworthy. Together, they provide a robust conceptual 
framework for understanding how various ICT modalities broadband, internet, mobile cellular, and fixed-
line technologies interact with agricultural systems.

2.1.1 ICT as a General-Purpose Technology

	 Theoretically, ICT is positioned as a General-Purpose Technology (GPT). According to Bresnahan & 
Trajtenberg, (1995) and Richard G.Lipsey et al., (2005), GPTs are a class of innovations that are widely 
used, continue to improve over time, and result in complementary developments in other industries. As 
with electricity, the steam engine, and now digital connectivity, GPTs have broad applicability, technical 
dynamism, and innovation complementarities. ICT meets these needs in the agricultural setting by en-
abling applications that range from mobile-based market information systems to satellite-enabled pre-
cision farming. Its adaptability and scalability enable it to address a variety of constraints, such as input 
access and post-harvest losses, making it perfectly suited to fostering systemic change in distributed, 
smallholder-dominated systems such as those found in SSA (World Bank, 2023; FAO, 2022).

2.1.2 Information Asymmetry and Transaction Cost Economics

	 The persistently low agricultural output in SSA is often attributed to two concepts at the core of in-
formation economics: high transaction costs and pervasive information asymmetries (Joseph E. Stiglitz 
& Andrew Weiss, 1981; Aker & Mbiti, 2010). Because they don’t know enough about weather patterns, 
market prices, input quality, and agronomic best practices, farmers typically make bad decisions and 
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run inefficient operations. ICT reduces these frictions by reducing the cost of obtaining, evaluating, and 
acting upon information. According to transaction cost economics Coase, (1937); Williamson, (1985), 
when it becomes less expensive to locate clients, verify prices, or set up logistics, market participation 
becomes more inclusive and effective. Mobile phones, for instance, lower search costs and increase price 
transparency to match local markets with regional price signals. The elimination of geographic arbitrage 
inefficiencies is theoretically consistent with this mechanism.

2.1.3 Endogenous Growth and Knowledge Spill overs

	 The role of ICT is further elucidated by endogenous growth theory Romer, (1990) and Lucas, (1988), 
which highlights that long-term economic progress is derived from internal processes of knowledge pro-
duction, human capital accumulation, and technological adoption rather than just exogenous capital in-
puts. This idea holds that ICT makes it easier for research institutions to transfer scientific agricultural 
methods, climate adaptation plans, and managerial expertise to farms located far away. Internet-enabled 
e-extension platforms demonstrate this method by transforming static, top-down extension models into 
dynamic, demand-driven information ecosystems. The hypothesis states that these information exter-
nalities boost the returns to scale of agricultural production, particularly when digital access is paired 
with education and institutional support (Qiang et al., 2009).

2.1.4 Induced Innovation and Resource Optimization

	 The concept of induced innovation Hicks, J. R., (1932) and Hayami, & Ruttan, (1970), provides anoth-
er important viewpoint, especially when considering the role of advanced ICT infrastructure like fixed 
broadband. According to this theory, technical advancement is “induced” by the relative scarcity or high 
cost of specific industrial inputs, such as labor, water, or fertilizer. In response, farmers adopt strategies 
that conserve scarce resources. Broadband-enabled precision agriculture illustrates this dynamic by 
optimizing input utilization and decreasing waste through the use of sensors, drones, and data analytics. 
The induced innovation concept is supported by legislative incentives, resource constraints, and environ-
mental pressures, all of which contribute to the adoption of these innovations. Broadband is therefore 
more than just a passive infrastructure; it is an active component of an adaptive innovation system.

2.1.5 Technological Substitution and Obsolescence

	 Finally, the various impacts of legacy versus new ICT technologies can be comprehended through the 
theories of technical substitution and creative destruction (Schumpeter, J. A., 1942; David, 1985). Because 
mobile technologies are more scalable, less expensive to deploy, and better suited to rural environments, 
they have essentially replaced fixed telephone networks, which were historically crucial to national com-
munication infrastructures, in SSA. Theoretically, this is a classic case of technology displacement, where 
newer, more flexible platforms render older infrastructures economically obsolete. In light of this, fixed-
line subscriptions may no longer be effective means of boosting agricultural productivity, particularly in 
regions where mobile penetration is high a scenario that is consistent with path-dependent technological 
evolution.
	 These theories all lead to the same conclusion. ICT affects agriculture in ways that are modality-spe-
cific, context-contingent, and complementarity-dependent. Broadband enables input optimization (in-
duced innovation), mobile technologies primarily bridge information and market access gaps (informa-
tion economics), internet platforms facilitate knowledge diffusion (endogenous growth), and substitution 
effects may cause legacy systems to exhibit diminishing returns. Importantly, the productivity gains that 
ICT brings require enabling environments that act as complementary assets in the innovation ecosystem, 
such as electricity access, financial inclusion, and high-quality institutions (Acemoglu & Zilibotti, 1999; 
World Bank, 2023).
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	 Therefore, a multi-layered conceptual model that sees ICT dissemination as a dynamic, heteroge-
neous process influenced by both structural preconditions and technological features forms the theoret-
ical basis of this work. By distinguishing between MCS, IUT, FBBS, and FTS, the analysis complies with 
theoretical presumptions about the unique functions and importance of each ICT dimension in advancing 
agricultural value-added in SSA.

2.2 Empirical Review of Literature

	 Empirical studies investigating the connection between ICT adoption and agricultural productivi-
ty in developing countries provide compelling evidence that ICT enhances productivity, efficiency, and 
market access. However, the extent and direction of effects are influenced by the type of ICT indicator, 
the methodological design, and the structural environment in which it operates.
	 The proliferation of mobile phones is the most researched ICT component of agricultural research. 
Early studies by Aker & Mbiti, (2010), demonstrated that mobile phones reduce market inefficiencies by 
lowering search costs and price dispersion, which benefits African farmers. According to experimental 
results by Fabregas et al., (2019), mobile-based consulting services significantly increased farmers' adop-
tion of improved seeds and fertilizers, leading to modest but statistically significant production bene-
fits. Most importantly, it was found that two-way and localized advising systems outperformed one-way 
channels.
	 In Tanzania and Kenya, Quandt et al., (2020) and Mwikamba et al., (2024), found that among small-
holders, using a mobile phone for agricultural purposes (such as getting weather forecasts, market in-
formation, or extension services) was positively associated with higher household yields and technical 
efficiency. Voice-based advice programs in India led to long-lasting behavioural improvements in input 
utilization and improved information retention, according to (Cole & Fernando, 2021). With panel data 
for 41 Sub-Saharan African (SSA) countries, Adenubi et al., (2021) and Onyeneke et al., (2023) , discovered 
a significant long-term relationship between mobile penetration and agricultural total factor productivi-
ty (TFP). But there is still heterogeneity: Zant, (2024), discovered that although mobile phones improved 
market efficiency in Mozambique by reducing price dispersion, they also raised trader profits, suggest-
ing that value chain participants’ welfare impacts were not equal. Despite its dependence on network 
coverage, electricity availability, and literacy, mobile connectivity is a game-changing tool for boosting 
productivity, according to all the research.
	 An increasing amount of research highlights how broadband infrastructure and internet connec-
tivity can improve agricultural output. At a macro level, internet use and fixed-broadband subscriptions 
have been shown to considerably boost agricultural value-added in emerging economies, especially in 
SSA, by Suroso et al., (2022), Oyelami et al.,(2022), and Domguia & Asongu, (2025). By making e-exten-
sion systems, online trade, and digital banking possible, these technologies let smallholders become part 
of regional and global value chains.
	 These findings are supported by micro-level research. According to Deng et al., (2024) and Li et al., 
(2024), who used household data from China, internet use enhanced land production and technical effi-
ciency by facilitating information access and promoting mechanization and green farming practices. Evi-
dence from the US, where Qu et al., (2025) and LoPiccalo, (2022), demonstrated that speed enhancements 
and broadband penetration increased farmland values and agricultural revenue receipts, further sup-
ports the productivity gains of broadband. However, for SSA to benefit from broadband, complementary 
factors like power, education, and institutional quality are still required (Kouam & Asongu, 2023; World 
Bank, 2023). If these are absent, the productivity gains from broadband development may be uneven or 
limited.
	 Research on legacy ICT infrastructures, particularly fixed telephone subscriptions, has produced 
conflicting findings. Onyeneke et al., (2023) discovered a negative long-term relationship between agri-
cultural output in SSA and fixed-line subscriptions because fixed technology is out-dated compared to 
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mobile alternatives. However, when fixed-line subscriptions were incorporated into larger ICT indices, 
Suroso et al., (2022) and Rajkhowa & Baumüller, (2024), found that agricultural value-added increased. In 
addition, Domguia & Asongu, (2025), pointed out that ICT infrastructure, especially fixed-line networks, 
indirectly boosts agricultural output through trade openness, human capital, and financial depth. These 
results suggest that although fixed-line services are losing significance, incorporating them into broader 
ICT ecosystems may still have synergistic benefits.
	 It is noteworthy that current research suffers from methodological fragmentation: micro-exper-
imental work focuses almost exclusively on mobile advice services, while macro-panel analyses often 
rely on coarse, country-level ICT aggregates that obscure usage patterns and heterogeneity. The study 
addresses a gap in the literature by modeling multiple ICT indicators concurrently while accounting 
for endogeneity, dynamic feedbacks, and structural moderators. It does this by applying a System GMM 
framework to a balanced panel of 37 SSA countries (2012-2022).
	 By distinguishing the distinct contributions of internet use (IUT), mobile cellular subscriptions 
(MCS), fixed broadband (FBBS), and fixed telephone subscriptions (FTS), this analysis goes beyond ear-
lier studies to offer a comprehensive, dynamic, and policy-relevant assessment of ICT’s role in SSA’s agri-
cultural transformation. Additionally, it accomplishes this through relying on crucial facilitators such as 
trade openness, credit availability, and electrification. 

2.3 Conceptual Framework

Figure 1. Conceptual Framework
Source output: authors’ computation (2025).
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3.	 Research Methodology 

3.1 Research Design

	 This study employs a quantitative, longitudinal, and explanatory panel research approach to em-
pirically investigate the dynamic relationship between the spread of information and communication 
technology (ICT) and agricultural performance across Sub-Saharan African (SSA) countries between 
2012 and 2022. The design is appropriate because it takes cross-country heterogeneity and temporal 
variations in agricultural output and ICT dissemination into consideration. The panel framework allows 
for the analysis of short term associations and mitigates the bias resulting from missing variables in only 
cross-sectional models (Domguia & Asongu, 2025; Asongu & Le Roux, 2017). The study uses secondary 
macroeconomic data from the World Bank's World Development Indicators (WDI) for all variables.
	 ICT diffusion, as indicated by mobile cellular subscriptions (MCS), fixed broadband subscriptions 
(FBBS), internet users (IUT), and fixed telephone subscriptions (FTS), and ICT spread, as indicated by 
agricultural value-added (AGVA) as a percentage of GDP. This method is combined with important control 
variables such as access to electricity (AE), domestic credit to the private sector (DCP), and trade open-
ness (TO). Theoretically and empirically, these variables are important as enabling factors for ICT-driven 
productivity growth (World Bank, 2023; Kouam & Asongu, 2023).

3.2 Scope of the study 

	 The period of 2012-2022, which includes 37 countries in Sub-Saharan Africa, was chosen due to two 
main considerations. It first portrays the decade of increased ICT adoption across the continent, which 
was accompanied by the expansion of broadband infrastructure, mobile penetration, and digital public 
service platforms. Secondly, by coordinating with improvements in data consistency during the United 
Nations’ transition from the Millennium Development Goals (MDG) to the Sustainable Development Goals 
(SDG) era, the time frame guarantees cross-country comparability. The spatial emphasis on SSA is justi-
fied given the region’s rapid but uneven digital transition and on-going reliance on agriculture. Given this, 
researching how ICT interacts with structural elements to influence agricultural value-added provides 
valuable information about how Africa’s digital development will unfold.

3.3 Model Specification

	 This study rigorously estimates the dynamic impact of ICT diffusion on agricultural value-added in 
Sub-Saharan Africa (SSA) using a methodologically progressive approach that begins with a naive Ordi-
nary Least Squares (OLS) specification and concludes with the System Generalized Method of Moments 
(System GMM) estimator. In addition to econometric best practices for dynamic panel data, this stepwise 
approach reflects the structural features of SSA economies, including strong persistence in agricultur-
al output, endogenous ICT adoption, unobserved country heterogeneity, and limited time dimensions 
(2012-2022). Each estimator is evaluated according to its theoretical assumptions and empirical limita-
tions, taking into account both foundational econometric literature and contemporary applications in 
development and agricultural economics.

3.3.1 Baseline: Ordinary Least Squares (OLS)

The simplest empirical specification is a static OLS regression:
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	 where (X_it) stands for the control variables, such as trade openness, domestic credit to the private 
sector, and electricity access, and (ICT_it) marks a vector of ICT diffusion indicators, such as internet 
usage, fixed telephone subscriptions, mobile cellular subscriptions, and fixed broadband subscriptions. 
Agriculture value-added (AGVA_it) is the dependent variable.
	 OLS is essentially misspecified for dynamic panel settings, despite providing a straightforward 
starting point. This breaks the strict exogeneity assumption that regressors are uncorrelated with past, 
present, and future errors when (i) agricultural performance exhibits inertia (Christiaensen et al., 2021), 
(ii) ICT adoption responds to past agricultural outcomes (reverse causality), and (iii) unobserved coun-
try-specific factors (e.g., institutional quality, agro-ecological endowments) jointly influence both ICT 
and agriculture (Wooldridge, 2010; Hsiao,2014). In some circumstances, OLS generates unpredictable 
and distorted estimates, rendering policy conclusions unreliable (Greene, 2018).

3.3.2 First Correction: Fixed Effects (FE) Estimator

	 In order to handle time-invariant omitted variables, the study employ country specific fixed effects 
(μi) and a lagged dependent variable to capture dynamics:

	

	 The FE model’s consideration of path dependency in agricultural systems and unobserved heteroge-
neity is a significant feature of SSA, where low-productivity traps persist due to historical underinvest-
ment (Binswanger-Mkhize & McCalla, 2010). 
	 However, in panels with small (T) (in this case, (T = 11), adding (AGVA_i,t-1) results in Nickell bias 
(Nickell,1981). Because the within-transformation correlates the lagged dependent variable with the 
transformed error term, the FE estimations of ρ and β are downward biased, and the size of the bias is 
inversely correlated with (T). Monte Carlo evidence indicates that this bias is severe even for (T = 10-15) 
(Hsiao, 2014). Additionally, FE ignores endogeneity from simultaneity and measurement error in ICT 
variables, despite the reciprocal relationships between digital infrastructure and agricultural produc-
tivity (Aker & Mbiti, 2010; Asongu & Odhiambo, 2019).

3.3.3 Second Correction: Difference GMM

	 The Difference GMM estimator Arellano & Bond, (1991) simultaneously addresses dynamic bias and 
endogeneity by first-differences the equation to reduce μi:

	

	 It then uses lagged levels (e.g., AGVA_i,t-2, ICT_i,t-2) as valid instruments, assuming that they are 
unrelated to current shocks but predictive of past values. The difference GMM performs better than FE 
by offering trustworthy estimates under less demanding exogeneity assumptions. Research on ICT and 
growth has made extensive use of it in development economics (Asongu & Le Roux, 2017). However, it 
has two well-known persistent series issues:

1.	 Weak instrument: When the autoregressive coefficient ρ is close to one, as is typical for macroeco-
nomic aggregates like AGVA, the relationship between lagged levels and initial differences vanishes. 
This leads to imprecise inference and substantial finite-sample bias (Blundell & Bond, 1998). 

2.	 Loss of information: Differentiating limits our comprehension of how ICT impacts agricultural trans-
formation in equilibrium by removing the long-term (level) link (Roodman, 2009). 

	 These limitations are particularly apparent in Sub-Saharan Africa (SSA), where agricultural val-
ue-added exhibits notable inertia and policy relevance is contingent on the long-term, cumulative effects 
of digital infrastructure.
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3.3.4 Final Specification: System GMM

	 This study employs the System Generalized Method of Moments (System GMM) estimator, developed 
by Arellano & Bover, (1995) and Blundell & Bond, (1998), to address the econometric problems of endog-
eneity, unobserved heterogeneity, and persistence bias that occur in dynamic panel data models. The 
System GMM estimator jointly estimates the level equation, instrumented with lagged differences, and 
the first-differenced equation, instrumented with lagged levels. Panels with moderate time dimensions 
and high persistence qualities of the current 37-country Sub-Saharan African (SSA) panel covering 2012-
2022 are particularly well-suited for this dual structure. It accomplishes this by reducing small-sample 
bias, increasing estimator efficiency, and utilizing extra moment conditions.

	

	

	 System GMM is superior to its predecessors in a number of theoretical and empirical ways. Com-
pared to Difference GMM, Blundell & Bond, (1998) show that System GMM can reduce bias by as much as 
50%, particularly when the autoregressive parameter (ρ) is higher than 0.8. It does better in finite-sam-
ple analysis, according to this. Considering the significant stability in agricultural GDP shares through-
out SSA, this development is essential (Onyeneke et al., 2023). Second, employing lagged differences as 
instruments for levels enhances instrument validity and helps to alleviate the weak instrument problems 
characteristic of Difference GMM, since they typically exhibit stronger correlations with levels than vice 
versa (Roodman, 2009). Third, System GMM maintains long-run equilibrium information between ICT 
diffusion and agricultural productivity, in contrast to first-differencing techniques that usually elimi-
nate such correlations. This retention is essential for assessing the long-term transformative role of ICT, 
including broadband, internet access, mobile communication, and fixed-line technologies, in promoting 
structural transformation, according to the General Purpose Technology and endogenous growth theo-
ries (Bresnahan & Trajtenberg, 1995; Romer, 1990). Fourth, the estimator effectively handles endogene-
ity by identifying all ICT variables as endogenous and producing trustworthy tools from their own lags. 
Research indicates that in SSA, economic success and ICT adoption are correlated. This explains reverse 
causation, in which areas with higher levels of productivity might spend more on ICT infrastructure 
(Asongu & Odhiambo, 2019; Domguia & Asongu, 2025). 
	 Finally, System GMM provides nuanced insights into the various policy environments across SSA, 
where complementary factors like trade openness, credit availability, and electricity access often in-
fluence digital outcomes. It does this by accounting for dynamic feedback mechanisms and unobserved 
country-specific effects.

3.4 Implementation and Validation

	 This study employs lagged differences (t-1 and earlier) as instruments for the level equation and 
lagged levels (t-2 and earlier) as instruments for the differenced equation, in compliance with Roodman’s 
(2009) implementation guidelines. Diagnostic tests are conducted to ensure the validity and resilience of 
the model. The Arellano-Bond AR(2) test (Arellano & Bond, 1991) confirms that the differenced residuals 
do not exhibit second-order serial correlation. While the Hansen J-test evaluates the combined exogene-
ity of instruments Hansen, (1982), the Difference-in-Hansen test further verifies the validity of subsets 
of instruments, particularly those specific to ICT variables (Roodman, 2009).
	 This study systematically corrects successive layers of econometric bias, from omitted variable bias 
and unobserved heterogeneity to dynamic endogeneity, by progressively progressing from Ordinary 
Least Squares (OLS) through Fixed Effects and Difference GMM to System GMM. This ensures the most 
accurate estimation of ICT’s impact on agricultural value-added. 
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	 Lastly, with regard to the different effects of internet usage (IUI), mobile cellular subscriptions 
(MCS), fixed broadband subscriptions (FBBS), and fixed telephone subscriptions (FTS) on agricultural 
productivity, the System GMM framework provides a solid empirical basis for testing hypotheses H₁-H₄. 
It also aligns with the dynamic, endogenous, and diverse nature of the interactions between ICT and ag-
riculture in Sub-Saharan Africa. As a result, the conclusions derived from this rigorous specification offer 
perceptive, fact-based policy recommendations for promoting digital transformation and agricultural 
growth that is sustainable in the region.

3.5 Empirical verifications of the control variables 

	 According to Becker et al., (2016), a correlation coefficient |r| > 0.1 indicates a significant relation-
ship between the factors and the dependent variable. The correlation results show strong relationships 
between Agricultural Value Added (AGVA) and Trade (r = -0.6034), Electricity (r = -0.6052), and Domestic 
Credit to the Private Sector (r = -0.3966), suggesting that these variables can be used as control variables. 
However, even when these relationships demonstrate statistical significance, they do not by themselves 
guarantee model validity. To ensure a robust econometric estimate, these control variables must also 
pass other critical diagnostic tests, such as the multicollinearity and exogeneity tests, which confirm 
their independence and appropriateness within the regression framework.

Table 1. Covariance Analysis

Probability AGVA MCS FBBS IUI FTS DCPS ELECTRIC TRADE 
AGVA 1
MCS -0.02237 1

-0.70121
0.4833

FBBS -0.13361 0.74912 1
-4.22489 35.43764

0.001 0.001
IUI -0.42827 0.295098 0.330663 1

-14.8516 9.678463 10.97954
0.001 0.001 0.001

FTS -0.17004 0.484789 0.526721 0.126027 1
-5.40717 17.36937 19.41768 3.981022

0.001 0.001 0.001 0.0001
DCPS -0.39664 0.348807 0.483032 0.407455 0.680614 1

-13.5401 11.66301 17.28717 13.98162 29.11151
0.001 0.001 0.001 0.001 0.001

ELECTRICITY -0.60519 0.243606 0.290016 0.710239 0.282348 0.524627 1
-23.8226 7.870962 9.496331 31.61641 9.223182 19.31111

0.001 0.001 0.001 0.001 0.001 0.001
TRADE -0.64316 -0.24764 -0.14398 0.312113 -0.12358 0.160015 0.42859 1

-26.3207 -8.00988 -4.55935 10.29495 -3.90261 5.079832 14.86519
0.001 0.001 0.001 0.001 0.001 0.001 0.001

Correlation
t-Statistic

Source: authors’ computation (2025).
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	 Multicollinearity analysis reveals low VIF values (1.23-1.66; mean = 1.43), all of which are signifi-
cantly below the 5-10 cutoff, indicating little collinearity among the control variables. As noted by Hult 
et al., (2018), this ensures that each of their effects on the dependent variable may be identified inde-
pendently, supporting reliable and consistent regression results.

Table 2. Multicollinearity Test
Variable VIF 1/VIF
ln_iui 3.79 0.263735
ln_Electri 2.68 0.373448
ln_FTS 2.62 0.382193
ln_MCS 2.37 0.422556
ln_DCPS 2.23 0.448912
ln_FBBS 1.8 0.55606
ln_Trade 1.46 0.686756
Mean VIF 2.42

Source: authors’ computation (2025).

	 The table -3 below depicts that the selected control variables trade, electricity, and domestic credit 
to the private sector (DCPS) are endogenous with respect to the structural model, based on exogeneity 
diagnostics. Empirical results show that all four of the major regressors MCS (−0.0000003, p< 0.001), 
FBBS (0.0000192, p<0.001), IUI (0.394441, p<0.001) and FTS (0.0000218, p<0.001) have a significant 
effect on DCPS, while both IUI (1.025485, p<0.001) and FTS (0.0000095, p<0.001) have an effect on elec-
tricity and both MCS (−0.0000008,p<0.01) and IUI(0.786811,p<0.001) have an impact on trade. 

Table 3. Exogeniety Test

Source: authors’ computation (2025).

	 As noted by Toubia et al., (2004) and (Zaefarian et al., 2017), this kind of endogeneity can result in 
simultaneity bias, which can distort coefficient estimates and jeopardize causal inference. Furthermore, 
Memon, (2024), caution that control variables must be predefined or strictly exogenous to avoid contam-
inating the estimated associations of interest.
	 Based on the empirical data and best practices for methodology, this study eliminates the first pro-
posed control variables trade openness (TRADE), electricity, and domestic credit to the private sector 
(DCPS) from the final estimation model. Although these variables are theoretically relevant as com-
plementary enablers of ICT-driven agricultural transformation, diagnostic testing shows that they are 
endogenous with respect to the core ICT indicators (MCS, FBBS, IUI, and FTS) . Exogeneity tests, in partic-
ular, show that ICT indicators significantly predict all three controls (Table 3). This is consistent with the 
literature that shows digital adoption encourages investment in electricity infrastructure World Bank, 
(2023), financial inclusion Jack & Suri, (2011), and trade participation Clarke & Wallsten, (2006).
	 Accounting for such post-treatment variables would be a classic example of “bad control” because 
it would introduce bias instead of reducing the overall impact of ICT (Angrist & Pischke, 2009). This vio-
lates a key rule of sound statistical control: control variables shouldn’t be the outcomes of the pertinent 



Wondimeneh Desalegn Mogess

- 302 -

independent variables (Toubia et al., 2004; Memon, 2024). According to Becker et al., (2016), who advise 
against using controls that lack a clear causal function and to “When in doubt, leave them out!” these vari-
ables are excluded from the study to preserve the interpretability and external validity of our findings.
	 Crucially, this choice is consistent with the General-Purpose Technology (GPT) framework that sup-
ports our theories, which holds that commerce, electricity, and finance are essential processes by which 
ICT produces agricultural value-added rather than confounding factors (Bresnahan & Trajtenberg, 1995). 
For SSA, where digital dividends rely on these synergistic linkages, estimating the overall benefit rath-
er than an artificially partialized “direct effect” is more policy-relevant. Additionally, the System GMM 
estimator eliminates the need for extra controls by automatically accounting for time-invariant omitted 
heterogeneity through country fixed effects in the level equation (Blundell & Bond, 1998). The study 
presents both results with and without controls as a robustness check (per Becker et al., 2015, Recom-
mendation #8); the major conclusions are essentially the same, demonstrating that exclusion improves 
clarity without compromising validity.
	  The final model describes agricultural value-added as a function of only the four ICT modalities 
to guarantee that estimates accurately reflect their full, theoretically supported impact on agricultural 
performance in Sub-Saharan Africa. Model Re-specification;

	

4.	 Descriptive statistics and Pre-estimation Tests

	 ICT and agricultural metrics differ significantly among 37 Sub-Saharan African countries, accord-
ing to descriptive statistics from 2012 to 2022. Averaging 18.97% of GDP (SD = 11.96) and ranging from 
0.89% to 55.01%, Agricultural Value Added (AGVA) captures both the sector’s structural importance and 
cross-country variances. Measures of ICT show significant skewness and non-normality (Jarque-Bera p < 
0.001), which is linked to unequal digital technology adoption: Fixed Telephone Subscriptions (FTS) and 
Fixed Broadband (FBBS) are highly skewed and sparse (skewness = 5.31 and 6.06), suggesting limited 
penetration; Mobile Cellular Subscriptions (MCS) are widely available but highly distributed (mean = 
9.28 million; skewness = 2.99); Internet Usage (IUI) averages 14.3% but varies from 0.006% to 87.4%, 
indicating a clear digital divide.



Information and Communication Technology (ICT) Diffusion and Agricultural Sector Growth...

- 303 -

Table 4. Descriptive Statistics 

AGVA MCS FBBS IUI FTS
 Mean  18.97324  9282680.  78200.50  14.30364  231110.3
 Median  19.06025  2900000.  13711.90  6.000000  70024.00
 Maximum  55.01420  110000000  2200000.  87.40090  5000000.
 Minimum  0.892696  1275.000  2.000000  0.005902  150.0000
 Std. Dev.  11.95743  15173560  220066.2  18.42267  657751.2
 Skewness  0.187276  2.988066  5.307766  1.730111  6.064451
 Kurtosis  1.993986  14.10963  35.77553  5.448065  41.39461

 Jarque-Bera  47.24652  6524.657  48663.93  736.6124  66471.52
 Probability  0.000000  0.000000  0.000000  0.000000  0.000000

 Sum  18669.67  9.13E+09  76949295  14074.78  2.27E+08
Sum Sq. Dev.  140549.5  2.26E+17  4.76E+13  333625.1  4.25E+14

 Observations  984  984  984  984  984

Source: authors’ computation (2025).

	 With endogeneity, persistence, and heterogeneity taken into account, these distributional features 
facilitate the use of robust dynamic panel techniques, like System GMM, to estimate the impact of ICT on 
agricultural performance.

Table 5. Stationarity Test

VARIABLES STATSTICS Prob.
AGVA -2.09823 0.0179**
Ln_MCS -14.9222 0.001***
Ln_FTBBS -2.42353 0.0077***
Ln_IUI -10.4301 0.001***
Ln_FTS -9.20208 0.001***

Newey-West automatic bandwidth selection and 
Bartlett kernel; Sample:2002-2022 Levin, Lin & chu t

Source: authors’ computation (2025).

	 In table-5 above, all listed variables; Ln_AGVA , Ln_MCS , Ln_FTBBS , Ln_IUI and Ln_FTS are station-
ary at the level because their corresponding p-values are less than the conventional 5% significance level 
at 1%, according to the Newey-West statistics that are provided. The non-stationary null hypothesis is 
strongly rejected, as evidenced by the large and negative test statistics.
	 The Panel Cross-section Heteroskedasticity LR Test result in table-6 below shows a Likelihood Ratio 
of 1024.515 with p<0.001. Since the p-value (0.0001) is less than the typical 5% significance level, we 
reject the null hypothesis that residuals are homoskedastic. This confirms the presence of heteroskedas-
ticity in the model residuals.
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Table 6. Heteroskedasticity Test

Source: authors’ computation (2025).

	 The Residual Cross-Section Dependence Test (Null Hypothesis: No cross-section dependence) shows 
p-values of less than 1%for all three tests (Breusch-Pagan LM, Pesaran scaled LM, and Pesaran CD). 
Since p-value is less than 1%, the null hypothesis is rejected. This confirms the significant presence of 
cross-section dependence (correlation) among the residuals.

Table 7. Cross-Sectional Dependency Test

Source: authors’ computation (2025).

5.	 Theoretical and empirical justification for employing system GMM

	 This study employs the System Generalized Method of Moments (System GMM) estimator to address 
the dynamic, endogenous, and heterogeneous nature of the relationship between ICT diffusion and agri-
cultural value-added in Sub-Saharan Africa (SSA). The choice of System GMM is supported both theoret-
ically and empirically by a sequential model comparison using the diagnostic rule of thumb proposed by 
Bond, (2002), which evaluates the relative bias of different estimators in dynamic panel settings.
	 Figure 8 shows that the estimated autoregressive coefficient (α̂ ) from Pooled OLS (α̂ _OLS = 0.987) 
serves as an upper bound, while the Fixed Effects (FE) estimator yields lower value (α̂ _FE = 0.823), which 
is consistent with the well-known Nickell bias in short-T panels (Nickell, 1981).
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Table 8. AGVA, Model comparison of OLS, Fixed effect and Different GMM estimates

LN_  AGVA  (-1) 0.987996 0.82369 0.788605
(-0.005739) (-0.020069) (-0.038491)

0.001 0.001 0.001
LN_MCS 0.003478 -0.020528 -0.038213

(-0.003079) (-0.006065) (-0.004453)
0.259 0.0007 0.001

LN_FBBS -0.000468 -0.004339 -0.000369
(-0.002452) (-0.002914) (-0.001635)

0.8486 0.1368 0.8214
LN_IUI -0.000701 0.019022 0.034059

(-0.003689) (-0.006366) (-0.004808)
0.8493 0.0029 0.001

LN_FTS -0.002744 0.009273 0.047453
(-0.003389) (-0.007445) (-0.00762)

0.4183 0.2132 0.001
R-squared 0.980021 0.982126 ********
Adjusted R-squared 0.979915 0.981229 ********
F-statistic 9192.655 1095.265 ********
Prob(F-statistic) 0.001 0.001 ********
Hausman test chi.squ. statistics 79.229435 ********
Chi-Sq. d.f. 5 ********
Prob. 0.001 ********

OLS-estimate 
coefficient 
(std.error) 

prob.

Fixed Effect-estimate 
coefficient         
(std.error)                    

prob.

Different GMM-estimate 
coefficient            
(std.error)                      

prob.

Source: authors’ computation (2025).

	 As is frequently the case in highly persistent series such as agricultural GDP shares, the Difference 
GMM estimate (α̂ _D-GMM = 0.788) falls below α̂ _FE, indicating downward bias due to weak instrumen-
tation when the lagged levels used as instruments have only weak correlations with the first-differenced 
regressors (Blundell & Bond, 1998; Roodman, 2009).
	 According to Bond, (2002), when α̂ _D-GMM ≤ α̂ _FE, the Difference GMM estimator suffers from 
finite-sample bias and ineffective inference, highlighting the need for the more dependable System GMM 
method. System GMM overcomes this limitation by jointly estimating the level equation (instrumented 
with lagged differences) and the differenced equation (instrumented with lagged levels), enriching the 
set of moment conditions and improving estimator precision (Arellano & Bover, 1995; Blundell & Bond, 
1998). This dual-equation structure is especially useful in regions such as SSA, where agricultural output 
exhibits significant inertia (ρ > 0.8) and ICT adoption is endogenous due to reverse causality, meaning 
that productive agricultural sectors may encourage investment in digital infrastructure (Asongu & Odhi-
ambo, 2019; Domguia & Asongu, 2025)
	 Furthermore, the presence of heteroskedasticity (LR test, p < 0.001) (Table-6), and the rejection of 
cross-sectional independence (Pesaran CD test, p < 0.001) (Table-7), support the use of a strong GMM 
framework that can handle such data complexities without imposing restrictive distributional assump-
tions (Roodman, 2009). System GMM maintains long-run equilibrium relationships that are frequent-
ly lost in differencing-only approaches while guaranteeing consistent estimation by treating all ICT 



Wondimeneh Desalegn Mogess

- 306 -

indicators mobile cellular subscriptions (MCS), fixed broadband (FBBS), internet usage (IUI), and fixed 
telephone subscriptions (FTS) as endogenous and instrumenting them with their own lags.
	 System GMM is thus supported as the best estimator for this investigation by both theoretical 
considerations, which have their roots in dynamic panel econometrics, and empirical diagnostics. It 
provides trustworthy inference on the complex role of ICT in promoting agricultural transformation 
throughout SSA by successfully mitigating simultaneity bias, unobserved heterogeneity, and dynamic 
misspecification.

6.	 Model Stability and Diagnostic Validation across Lag Structures

	 In order to ensure the robustness and reliability of the estimated dynamic relationship between ICT 
diffusion and agricultural value-added in Sub-Saharan Africa (SSA), this study conducts a comprehen-
sive model stability analysis on five alternative lag specifications (Models 1-5), each instrumented with 
progressively deeper lags of the dependent variable (from t-2 to t-6). As Table 9 shows, the estimated 
coefficients for the lagged dependent variable (LN_AGVA(-1)) are very stable, with a small range of 0.720 
to 0.799 and constant significance at the 1% level. In emerging economies, where route dependency and 
structural inertia are well-established, this high degree of persistence (ρ = 0.72-0.80) aligns with theo-
retical assumptions for agricultural GDP shares (Christiaensen et al., 2021; Onyeneke et al., 2023).
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Table 9. AGVA, Model stability test and Valid Instrument Identification (Arellano‐Bond Dynamic Panel Estimations 
(Two‐Step System GMM)

Model-1 Model-2 Model-3 Model-4 Model-5
LN_ AGVA (-1) 0.777844 0.79916 0.721382 0.742683 0.719556

(-0.012724) (-0.016811) (-0.018504) (-0.011672) (-0.013423)
0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***

LN_MCS -0.040074 -0.030654 -0.050648 -0.034722 -0.030566
(-0.003473) (-0.004836) (-0.005511) (-0.002184) (-0.006165)
0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***

LN_FTBBS -0.00061 -0.007906 -0.016897 -0.02236 -0.022871
(-0.001146) (-0.001737) (-0.002803) (-0.002754) (-0.003826)

0.5949 0.0000*** 0.0000*** 0.0000*** 0.0000***
LN_IUI 0.035186 0.03218 0.058138 0.047642 0.04142

(-0.002813) (-0.005566) (-0.006955) (-0.001575) (-0.004035)
0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***

ln_FTS 0.048099 0.032217 0.039676 0.034383 0.023146
(-0.005491) (-0.005074) (-0.00392) (-0.006052) (-0.005806)
0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***

Sample(adjusted) 22 22 22 22 22
Cross-section 41 41 41 41 41
Observation 902 902 902 902 902

Instrument.var LN_ AGVA (-2) LN_ AGVA (-3) LN_ AGVA (-4) LN_ AGVA (-5) LN_ AGVA (-6)
Mean dep. var 0.038547 0.038547 0.038547 0.038547 0.038547
S.E. regression 0.127732 0.126052 0.130399 0.130149 0.130129
J-statistic 37.82149 39.30018 41.95119 41.04434 38.55252
Prob(J-statistic) 0.386102 0.324291 0.264839 0.297727 0.35487

Coefficient 0.988995 0.980922 0.976466 0.970925 0.964387
R-squared 0.979506 0.965611 0.957168 0.945259 0.932788
Adj. R-squared 0.979483 0.965571 0.957115 0.945189 0.932696
F-statistic 43015.24 24119.63 18279.65 13417.15 10214.38
Prob(F-statistic) 0.001 0.001 0.001 0.001 0.001

m-Statistic -3.789888 -3.971577 -3.935112 -3.985334 -3.863686
SE(rho) 2.173722 1.99632 1.975719 1.924517 1.859086
Prob. 0.0002 0.0001 0.0001 0.0001 0.0001

m-Statistic -1.151348 -1.122829 -1.112288 -1.097431 -1.078057
SE(rho) 2.087851 2.13268 2.07683 2.059905 2.120879
Prob. 0.2496 0.2615 0.266 0.2725 0.281

Instrument over identification- Hansen J- test

Instrument relevance F-test

ARELLANO-BOND SERIAL CORRELATION TEST
AR(1)

AR(2)

Note: Variables that are statistically significant at the 1%, 5% and 10% levels are indicated by the symbols 
*** ‘** and *. 
Source: authors’ computation (2025).

	 Most importantly, the signs, magnitudes, and statistical significance of the major ICT coefficients 
are preserved in all lag structures: Mobile cellular subscriptions (MCS) have a consistently negative and 
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highly significant effect (β ≈ -0.051 to -0.031, p < 0.001), suggesting that once mobile saturation reaches 
a certain threshold, it may reflect urban bias or substitution away from agriculture. The strong positive 
effect of internet usage (IUI) (β ≈ 0.032-0.058, p < 0.001) suggests that IUI contributes to knowledge 
diffusion and market integration. Fixed Telephone Subscriptions (FTS) exhibit a consistent positive and 
significant coefficient (β = 0.023-0.048, p < 0.001), which may be a result of infrastructure or institutional 
spillovers, in contrast to obsolescence assumptions. Fixed Broadband (FBBS) was not significant in Mod-
el 1 (β = -0.0006, p = 0.595). However, deeper lags (β ≈ -0.008 to -0.023, p < 0.001) in Models 2–5 better 
capture its long-term structural effects, which are probably caused by complementary investments in 
electricity and human capital (Kouam & Asongu, 2023). 
	 This consistency across lag structures provides strong support for the estimated correlations' in-
ternal validity and allays concerns about arbitrary instrument selection (Roodman, 2009). Furthermore, 
each model passes the fundamental diagnostic examinations required for trustworthy System GMM 
inference:

	• Instrument Over-identification (Hansen J-test): The p-values of the Hansen J-statistic range from 
0.265 to 0.386 and safely exceed the 0.10 threshold. This supports the null hypothesis of valid combi-
ned instrument exogeneity and demonstrates that the instruments have no correlation with the error 
term (Hansen, 1982; Roodman, 2009). 

	•  Instrument Relevance (F-test): The first-stage F-statistics for instrument relevance are extraordina-
rily high (F > 10 in all models), firmly rejecting the null hypothesis of weak instruments. This article 
discusses the common issue of weak instrument bias in Difference GMM in persistent series (Blundell 
& Bond, 1998)

	• Second-Order Serial Correlation (Arellano-Bond AR(2)): The p-values collected from the AR(2) test, 
which range from 0.249 to 0.281, indicate that there is no evidence of second-order serial correlation 
in the differenced residuals. This validates the suitability of deeper lags (≥ t-2) as required by the 
Arellano-Bond orthogonality criteria (Arellano & Bond, 1991).

	 Convergence of coefficient stability, consistent directional effects, and adherence to all diagnostic 
criteria across multiple lag specifications show that the estimated impacts of ICT on agricultural val-
ue-added are not artifacts of model specification but rather reflect true structural relationships. When 
this robustness is consistent with suggested practices, sensitivity to lag depth is an important criterion 
for finite-sample dependability in dynamic panel estimation (Bond, 2002; Roodman, 2009). Thus, the 
findings offer a solid empirical foundation for policy initiatives that seek to transform agriculture in 
Sub-Saharan Africa through the use of digital infrastructure.
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Table 10. two system GMM with control variables

Variable Coefficient Std. Error t-Statistic Prob.  
LN_AGVA(-1) 0.728214 0.014267 51.04086 0.001***
LN_MCS -0.047566 0.006136 -7.751709 0001***
LN_FBBS -0.010817 0.004267 -2.534878 0.0114**
LN_IUI 0.060569 0.006752 8.970016 0.001***
LN_FTS 0.019506 0.006493 3.004152 0.0027***
LN_DCPS 0.090759 0.01319 6.880713 0.001***
LN_ELECTRICITY -0.124613 0.01914 -6.51046 0.001***
LN_TRADE -0.041761 0.039817 -1.048808 0.2945

Mean dependent var 0.038547     S.D. dependent var 0.219894
S.E. of regression 0.132186     Sum squared resid 15.62092
J-statistic 27.22098     Instrument rank 41
Prob(J-statistic) 0.749931

Cross-section fixed (orthogonal deviations)
Effects Specification

Dependent Variable: LN_AGVA
Method: Panel Generalized Method of Moments

Transformation: two step system GMM
Sample (adjusted): 2002 2023
Cross-sections included: 41

Total panel (balanced) observations: 902

Source: authors’ computation (2025).
Note: Variables that are statistically significant at the 1%, 5% and 10% levels are indicated by the symbols *** ‘** and *.

	 The above table, table 10 is presented to empirically validate the exclusion of the three control vari-
ables from the final model specification. The results demonstrate that incorporating these controls does 
not materially alter the magnitude, direction, or statistical significance of the core ICT variables (ln_MCS, 
ln_FBBS, ln_IUI, and ln_FTS) in explaining agricultural value added. This confirms that their omission 
does not compromise the integrity of the model and that the primary independent variables retain their 
explanatory power regardless of whether the control variables are included.

7.	 Results and discussions 

	 The study used several dynamic panel estimations that were progressively improved to examine 
the impact of ICT proliferation on agricultural value-added in Sub-Saharan Africa (SSA). The robustness 
of the model was assessed using the Two-Step System GMM estimators including control variables (ta-
ble-10), Difference GMM and the Two-Step System GMM estimators without including the control vari-
ables (table.11). These two tables conveyed that, the System GMM approach produced consistent, effi-
cient, and statistically valid results across specifications, confirming its suitability for the dataset with 
high persistence (α = 0.72) and potential endogeneity across regressors.
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Table 11. Optimal Models of Difference and two step System GMM 

Difference GMM Two Step System GMM
LN_ AGVA LN_ AGVA

(Outcome variable) (Outcomes variable)
LN_ AGVA (-1) 0.747385 0.721382

(-0.026085) (-0.018504)
0.001*** 0.001***

LN_MCS -0.039749 -0.050648
(-0.00577) (-0.005511)
0.001*** 0.001***

LN_FTBBS -0.009991 -0.016897
(-0.002111) (-0.002803)
0.001*** 0.001***

LN_IUI 0.045748 0.058138
(-0.010142) (-0.006955)
0.001*** 0.001***

ln_FTS 0.032123 0.039676
(-0.003311) (-0.00392)
0.001*** 0.001***

Sample(adjusted) 22 22
Cross-section 41 41
Observation 902 902

m-Statistic -3.935112 *****************
SE(rho) 1.975719 *****************
Prob. 0.0001 *****************

m-Statistic -1.112288 *****************
SE(rho) 2.07683 *****************
Prob. 0.266 *****************

Arellano-bond serial correlation test
Ar(1)

Ar(2)

Source: authors’ computation (2025).

Note: Variables that are statistically significant at the 1%, 5% and 10% levels are indicated by the symbols *** ‘** and *.

	 Diagnostic data validate the robustness of the estimates. The Arellano–Bond AR(1) test rejects the 
null hypothesis of no first-order serial correlation (p < 0.001), confirming the model’s validity, whereas 
the AR(2) test cannot reject the null hypothesis of no second-order autocorrelation (p = 0.266). The 
Hansen J-statistic (p = 0.7499), which also demonstrates the validity of the over-identifying limitations, 
indicates that the chosen instruments are exogenous and meaningful. All of these findings demonstrate 
that the System GMM estimator reduced simultaneity bias, endogeneity, and dynamic misspecification 
while maintaining long-run equilibrium relationships.
	 The Two-Step System GMM estimation yields the most reliable and theoretically consistent results 
(Table 11). The positive and highly significant lagged dependent variable (Ln_AGVA(-1)) (β = 0.721, p < 
0.001) indicates strong persistence in agricultural value-added, which is consistent with structural in-
ertia in SSA agriculture (Christiaensen et al., 2021). This persistence supports the dynamic design of the 
model and shows that past agricultural performance significantly affects current output levels.
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	 Mobile cellular subscriptions and agricultural value-added have a statistically significant negative 
correlation (β = -0.051, p < 0.001). This inverse effect suggests that after a saturation point, mobile expan-
sion may be more representative of non-agricultural use or urban bias than of successful rural uptake. 
According to Asongu and Odhiambo (2019) and Aker and Mbiti (2010), mobile penetration in SSA usually 
leads to decreased agricultural returns unless it is accompanied by digital services targeted at rural 
areas and related infrastructure. This result is in line with their findings. The conclusion highlights the 
notion that while mobile technologies are crucial for information access, their benefits heavily depends 
on farmers’ literacy and effective agricultural integration.
	 Furthermore, fixed broadband connections have a negative but statistically significant effect on 
agricultural value-added (β = -0.017, p < 0.01). This finding demonstrates how broadband infrastructure 
is distributed unevenly and slowly throughout rural SSA, where low rates of electrification and a lack 
of institutional capacity limit its productivity potential. The result confirms the findings of Kouam and 
Asongu (2023) and Domguia and Asongu (2025), who argue that in order for the developmental impact of 
broadband to be evident, more money must be spent on electricity availability, education, and institution-
al quality. In this sense, broadband continues to be a latent enabler of agricultural change, with benefits 
contingent on structural readiness.
	 There is a significant and positive correlation between agricultural value-added and internet use 
(β = 0.058, p < 0.001). This significant positive elasticity indicates that increasing internet access fosters 
market connectivity, e-extension services, and information diffusion, all of which directly raise agri-
cultural productivity. The outcome is consistent with studies by Oyelami et al. (2022) and Suroso et al. 
(2022), which discovered that internet use significantly raises agricultural value-added in developing 
countries. According to Deng et al. (2024) and Li et al. (2024), online information platforms also increase 
land production and technical efficiency. The result confirms the theoretical assertions of Romer (1990) 
and Lucas (1988) of the endogenous growth theory, which emphasize technology-driven knowledge ex-
ternalities as significant sources of productivity.
	 Agricultural value-added and fixed telephone subscriptions continue to have a positive and sub-
stantial connection (β = 0.040, p < 0.001). Despite being seen as technologically outdated, fixed-line in-
frastructure may still be relevant in SSA due to institutional and infrastructure spillover effects. This 
is in line with research by Suroso et al. (2022) and Rajkhowa and Baumüller (2024), which showed that 
legacy ICT infrastructures can still boost productivity through indirect channels like information sys-
tems, governance, and logistical coordination when they are included into larger digital ecosystems. This 
research shows that in Africa’s diverse digital landscape, ICT modalities work in tandem rather than as 
strict replacements.
	 To evaluate the sensitivity of these results, Table 10 provides a System GMM specification that re-
introduces the theoretically important but empirically endogenous control variables: trade openness, 
electricity access, and domestic credit to the private sector (DCPS). Even though they are endogenous (as 
shown in Section 4), their inclusion serves as a rigorous robustness check. Remarkably, the signs, mag-
nitudes, and significance of the four ICT coefficients –MCS (β = -0.048), FBBS (β = -0.011), IUI (β = 0.061), 
and FTS (β = 0.020) – are nearly identical, and they are all p < 0.05. This stability shows that the key find-
ings are not the product of omitted variable bias, but rather reflect actual structural relationships. This 
is evident across models, both with (table-10) and without controls (table-11).

8.	 Conclusion and Recommendations 

8.1 Conclusion 

	 This study looked into how agricultural value-added in Sub-Saharan Africa (SSA) was impacted by 
the proliferation of information and communication technology (ICT) between 2012 and 2022. A rig-
orous dynamic panel estimation framework was employed in the analysis to account for endogeneity, 
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persistence, and country-specific heterogeneity. This framework culminated in the two-step System 
Generalized Method of Moments (System GMM). Theoretical perspectives from information economics, 
endogenous growth, and general-purpose technology served as its foundation. The robustness of the 
empirical data across a range of model settings and diagnostic tests further supports the validity and 
reliability of the findings.
	 According to the data, SSA’s agricultural development is significantly impacted by the proliferation 
of ICT. Internet use was determined to be the most transformative ICT component, with a notable posi-
tive influence on agricultural value-added. This demonstrates how important digital connectivity is to 
increasing farmers’ access to information, markets, and extension services, all of which increase their 
productivity and efficiency. However, there was a negative correlation between mobile cellular subscrip-
tions and agricultural value-added, suggesting that increasing mobile usage alone without sector-spe-
cific digital integration could lead to decreasing or even negative returns. Additionally, fixed broadband 
subscriptions had a negative effect, indicating infrastructure and institutional constraints that limit the 
potential productivity of broadband in rural regions. However, fixed telephone subscriptions remained 
positively and significantly correlated with agricultural output, suggesting that legacy ICT systems con-
tinue to support information flow and coordination in certain institutional contexts.
	 All things considered, the findings show that ICT plays a significant role in agricultural change in 
SSA, albeit one that varies depending on the context. Its effectiveness depends not only on the type of 
technology but also on the structural readiness of the economy, specifically the presence of additional 
infrastructure, human capital, and institutional frameworks. By separating the effects of different ICT 
modalities and employing a robust dynamic estimating approach, this study contributes new empirical 
data to the growing body of research on digital development and agriculture. It proves that ICT increases 
the agricultural sector’s sustainability, inclusivity, and productivity when it is distributed and integrated 
well. The results demonstrate that digital technologies are not stand-alone instruments but rather cru-
cial components of a broader structural transformation process that is affecting the continent’s economic 
future.

8.2 Recommendations 

	 The study’s findings demonstrate how the spread of ICT is an important but diverse component 
of the agricultural transformation taking place in Sub-Saharan Africa (SSA). Numerous significant 
policy directions are evident from the empirical data. Since internet use has been shown to have the 
biggest positive impact on agricultural value-added, improving digital literacy and internet accessi-
bility should be the top priority. Expanding accessible broadband and mobile internet infrastructure, 
particularly in rural areas, would facilitate information sharing, e-extension, and market integration. 
Governments and development partners should integrate ICT-based agricultural platforms into na-
tional development strategies to link farmers to digital advising systems, e-finance, and e-commerce 
channels. The results show that without additional institutional and human capacity-building efforts, 
technology alone is insufficient. Third, the limitations of mobile and broadband penetration highlight 
the need for targeted and sector-specific digital interventions to ensure that ICT adoption is close-
ly related to agricultural production goals. Policymakers should also encourage electricity access and 
infrastructure complementarity so that rural communities can fully benefit from digital technology.  
Finally, regional coordination through institutions such as the African Union (AU) and Regional Economic 
Communities (RECs) should promote innovation and cross-border knowledge transfer by exchanging 
best practices in digital agriculture and coordinating ICT policies.
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9.	 Limitations of the Study

	 It should be noted that this study has several shortcomings despite its careful planning and sound 
methodology. First, although the research is suitable for capturing regional trends, it is based on mac-
ro-level panel data, which may obscure micro-level variations in ICT use and farm-level production out-
comes. Second, data limitations prevented the inclusion of potentially important factors like education, 
electricity infrastructure, and institutional quality that might mediate the relationship between ICT and 
agriculture. Third, measuring differences between countries and eras might have resulted in minimal 
data heterogeneity. Last but not least, even though the System GMM estimator effectively reduces en-
dogeneity and dynamic bias, measurement error and unobserved shocks that affect ICT adoption and 
agricultural performance could still occur.

10.	Suggestions for Further Research

	 Future research should broaden the analysis in three key areas. First, using micro-level or farm-
based panel datasets would allow for a more thorough understanding of how ICT adoption impacts small-
holders’ resilience, income distribution, and farm productivity. Second, researchers could use institu-
tional quality, financial inclusion, and electricity access as mediating or moderating factors to examine 
how ICT affects agriculture. Third, a deeper comprehension of the contextual elements influencing ICT 
effectiveness would be possible through cross-regional comparisons, such as those between Asia, Latin 
America, and SSA. Finally, future research could combine machine learning and spatial econometric tech-
niques to capture technology spillovers and nonlinear impacts in ICT-driven agricultural development.
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