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Digital economy (DE) is among the most transform-
ative forces in  virtually all sectors globally, especially 
agriculture. Within sub-Saharan Africa (SSA), where 
agriculture sector still plays a  significant role in  eco-
nomic activity and growth, there is an increasing sen-
timent that digital technologies (DT) are critical for 
development and sustainability. As  reported by  the 
World Bank (Jung and Rogers 2024), DT can even 
boost agricultural productivity (AP) by providing and 

disseminating access to information, therefore improv-
ing market efficiency and management.

On the one hand, low land-use efficiency, a  demo-
graphic pattern in  which the population is  growing 
at  a  faster rate than AP, and land degradation com-
pounding the impact of  agriculture land use (ALU) 
in SSA sustainable land management, based on agro-
ecological principles, can help to restore land that has 
been eroded. However, this has limited adoption  by 
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Abstract:  This study investigates the effects  of digital economy (DE) on agricultural land use (ALU) in seven sub-
Saharan African (SSA) countries, specifically from 2006 to 2022. Using a moderating mediation model on panel data, 
the work explores the extent to which the DE, as proxied by fixed telephone subscriptions, internet usage, and mobile 
penetration, influences the degree and intensity of  ALU. The  results indicate that  ALU is  often supported by  DE, 
as technology will lay the groundwork for improved land management and agriculture. Results show that DE has a posi-
tive influence on ALU, with a more substantial effect being observed in countries such as Kenya and South Africa, where 
more developed digital infrastructure and governance are in  place. In  contrast, Uganda and Zambia exhibit  lower 
impacts due to lower levels of digitalisation and governance barriers. The patent applications (PAs) and water manage-
ment represent the positive mediators of  the efficiency of  land-use improvement. The study highlights the need for 
government-enabling policies and digital infrastructure so  that the promise of digital technologies and their uptake 
for agricultural production in SSA is fully fulfilled. Whenever technology is  integrated with an appropriate resource 
management policy, SSA societies have the potential to achieve sustainable agricultural development and food security.
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smallholder farms in  SSA (Cordingley et  al.  2015). 
Equally significant, more than 80% of the farmland  of 
SSA is rain-fed, and its productivity is falling with the 
needs of  a  growing population (Wang et  al.  2023). 
A digital revolution is  currently taking  place in SSA, 
mobilised through various technologies such as  mo-
bile phones and the internet to  enhance the efficien-
cies and productivity of  smallholders in  agriculture. 
There are also potential digital agriculture approaches 
that enable women and youth an access to sustainable 
employment  related to agricultural value chains (FAO 
and ITU 2022). Despite the high ownership of mobile 
phones and use of  the internet, there are challeng-
es  –  land degradation, substandard farming methods 
(Nkonya et  al.  2016; Kuyah et  al.  2021), and climate 
change, among others, that threaten food safety and 
well-being of the farmers (Tittonell and Giller 2013).

This study examines how the DE affects ALU in SSA, 
while filling a gap in the literature that overwhelmingly 
assesses the role DE plays on  AP, which is  not nec-
essarily its direct effect on  the efficiency of  land use. 
Although current research focuses on  the role of  DT 
in  increasing AP (Zhigulina et  al.  2021; Pelucha and 
Shemetev 2025), the link between these technologies 
and land resource management in  conjunction with 
the future challenges of  this sector remains weak. 
In an attempt to bridge this gap, this study looks into 
the role of  digital tools and platforms in  achieving 
better utilisation of  agricultural land (AL), directly 
impacting different ALU outcomes. Accordingly, re-
cent studies have shown that DE allows more efficient 

management of land resources through real-time data, 
access to markets, and precision equipment (Wen and 
Li 2024). Moreover, advancements in  technology like 
precision farming and digital infrastructures have also 
been found to be important in improving land-use de-
cisions (Pelucha and Shemetev 2025). Nevertheless, 
the relationship of DE on ALU still lacks detailed ex-
ploration in the SSA context and particularly in terms 
of mediation through innovation policy and infrastruc-
ture (Zhigulina et al. 2021). DE can improve agricultur-
al land management and sustainable practices in SSA, 
and this research investigates the relationship between 
DE and land use policies and governance structures.

Thus, the current study seeks  to fill this gap by exam-
ining the impact of DE on ALU in SSA countries. Panel 
data from 2006 to 2022 is used in this research to show 
to  us  how  exactly we  can understand digitisation and 
to  what extent digital tools and digital platforms have 
the potential to  impact land use productivity and sus-
tainability in agriculture (FAO and ITU 2022). Moreo-
ver, this study offers novel and recent empirical insights 
into larger digitalisation-related consequences of  ALU 
in  a  farming-dominated region with many inhabitants 
whose livelihood depends or substantially on the agri-
food sectors (Lindblom et  al.  2016). This paper also 
examines the impact of  these DT on ALU, by utilising 
a moderated-mediation model, explore the moderating 
role that market access, and evaluate the effect the infra-
structure and policy environment have in mediating this 
relationship further. Secondly, in contrast to earlier ef-
forts, this study includes four moderators (Figure 1) and 

Figure 1. Conceptual framework 
and research hypothesis

Source: Authors' elaboration
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thus delivers a more thorough view of the DE for agricul-
tural land use. Using data from seven countries in the region, 
this research seeks to shed light on some possible expec-
tations if digital advances brings transformation to agri-
culture sector in SSA (Mbongo and Djoumessi 2024).

Overall, the goal of this paper is to reveal ways the DE 
affects ALU as exemplified by cases from SSA. The first 
goal is to understand the real-world impact of digital tools 
on land use, and to identify technological advances as well 
as policy mechanisms that can help steer agricultural de-
velopment towards sustainability (FAO and ITU 2022). 

Literature review and hypotheses
For a decade, the expansion of DE has been ubiqui-

tous, which has impacted the agriculture and society 
in general worldwide, but specifically in SSA. A digital-
isation of farming as a fundamental driver that can gen-
erate productivity and sustainable growth has recently 
come into the spotlight. The end goal of this research 
is  to  understand the expansion and dynamics of  the 
emergence of  new ALU in  SSA driven by  DE, drawn 
from a  literature review. DE has essentially been the 
driver of the digital financial service and mobile money 
products such as M-Pesa in Kenya that revolutionised 
rural economies (Jack and Suri 2011). In agriculture, for 
instance, DE has increased farmers' ability to perform 
and produce (Combary 2022) by  decreasing transac-
tion costs while allowing new business models to op-
erate. The challenges caused by traditional agriculture 
limitations, such as market access, weather prediction 
and practice update, can be addressed with DT (Wang 
et  al.  2023). Furthermore, by  helping local decision-
making and investment in the rural area as well as ag-
ricultural input, digital companies could contribute 
to eco-friendly land optimisation in the different agro-
ecological zones across SSA (Ma et al. 2023).

DT has made rapid progress in recent years and has 
provided some hope for solutions to many of the issues 
that have beleaguered farming, and in  particular, the 
ability to use land more efficiently. Indeed, the applica-
tion of ICTs in farming is an essential process referred 
to as digital agriculture, allowing farmers to obtain re-
al-time data on market trends through mobile phones. 
In recent years, farmers have gained access to the neces-
sary data by using precision-farming tools (Baumüller 
2017; Lwoga 2017). DT in agriculture has been shown 
to improve land use  efficiency, lower input costs, and 
boost crop yields, thus contributing to more sustainable 
farming (Nakasone et al. 2014). Digital transformation 
in agriculture complements ALU through access to re-
al-time market as  well as  weather information using 

digital tools, including ICT devices,  and the Internet 
of Things, to help smallholder farmers. These technol-
ogies increase productivity and minimise the waste  of 
land and resources (Zhong 2023). Data sharing through 
precision agriculture assists in better decision-making 
for farmers (Baskent 2021). Data-driven DE can also 
promote rural development and provide local resist-
ance micro-economies by binding isolated remote ar-
eas into the global economic network (Liu et al. 2018). 
This demonstrates the importance of  digitalisation 
in  sustainable land management and a  part that re-
flects changes due to  application examples for each 
sustainable development goal towards climate-resilient 
agriculture (Mustashkina et al. 2020). The thermal en-
vironment is regulated by effective land-use planning 
and governance, which are critical for enhancing the 
adaptability and resilience of agricultural regions (Liu 
et  al.  2023). Land surface temperature is  becoming 
not only a key parameter in climate research but also 
an important indicator for monitoring changes in the 
thermal environment, both by researchers and policy-
makers. Such focus strives to better knowledge of the 
effects of  land use and land cover change on thermal 
contexts (Liao et al. 2022; Rangel-Peraza et al. 2024).

Conceptual framework. The conceptual framework 
(Figure  1) demonstrated the complex effects of  DE 
on ALU, highlighting both direct and indirect effects.

In the end, based on the framework, direct and com-
bined indirect effects from DE are strong determinants 
of  ALU. Better connectivity of  land, with technology 
deployment, higher investment and favourable policies 
ensure that the best practices are used in implementing 
efficient usage of land.

The direct impact of  the DE on ALU: Through con-
nectedness and information, the DE has a positive effect 
on ALU in SSA. Farmers have better access to informa-
tion such as weather forecasts, market prices, and best 
agricultural practices, thereby reducing information 
asymmetries and enhancing decision-making (Jin and 
Jayne 2013). Thus, scaling up access to DE will contrib-
ute to optimised resource use (energy, fertilisers, and 
seeds per unit harvested on land), and precision farm-
ing will reduce waste and increase productivity (Fer-
roni and Zhou 2012). Additionally, the DE is beneficial 
for spreading knowledge from other sources, as  well 
as cutting-edge farming techniques that are genuinely 
feasible in the field, given the effective land use. For ex-
ample, to promote ideal practices and innovative ideas 
for managing land in an ecologically sustainable man-
ner, DT can be used to connect farmers with peer net-
works or agricultural experts (Bhaskara and Bawa 2021). 
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This has a positive impact in terms of how agricultural 
land is put to use, through tools and relevant data, the 
most DE, which helps farmers optimise their decision-
making when it  comes to  their properties. Thus, Hy-
pothesis 1 runs as follows:

H1: The DE has a positive impact on ALU in SSA.
Mediating effect of patent applications (PA): Tech-

nological innovations are an  important determinant 
of the adoption of DT in agriculture and are measured 
through agro-specific PA, which provide a  strong 
proxy for innovation in  SSA agro-systems. PA are 
the formal documentation of  tech advances related 
to  sustainable agriculture, such as  PA act as  a  me-
diator between DE adoption and ALU outcomes. 
As  emphasised in  other research, patenting activi-
ties covering agricultural technologies are a  criti-
cal aspect of  diffusion in  innovations, since patents 
indicate the likely market value and state of  the art 
of  these innovations. Research indicates that tech-
nological innovation via PA facilitates the inclusion 
of  DE on  agribusiness farms as  it  directly correlates 
with farming practices and improves land manage-
ment efficiency (Yang et al. 2024). This statement also 
justified the findings presented by  Li et  al.  (2024), 
which has been of some help by suggesting that sus-
tainable innovations in agriculture driven by patents 
positively influence land-use practices through the ef-
ficient management of resources (Jiang et al. 2023; Li 
et al. 2023). Additionally, Kang et al. (2024) show that 
PA are not simply signs of technological progress but 
also signposts of the manner in which those innova-
tions are making their way to improve land-use. Thus, 
Hypothesis 2 runs as follows:

H2: PA acts as a mediator between the DE and ALU 
outcomes.

The moderating role of government policies: Govern-
ment policies moderate the relationship between DE 
and ALU. Policies that strengthen DE's positive welfare 
effected by  encouraging technology adoption, infra-
structure building, and wider access for smallholders 
will increase its benefits. Examples of the policies that 
could enhance the adoption of technology in agricul-
ture are those for DL and subsidies to  digital tools 
(Chamberlin et  al.  2014). In  contrast, the absence 
of  supportive policies may widen inequalities in  ac-
cess to digital tools and infrastructure, with disparate 
benefits from the DE (Chamberlin et al. 2014). This can 
lead to smallholdings being excluded and land concen-
tration, counteracting the efforts of enhancing an ag-
ricultural spatial use-system in the region. As a result, 
government policies are needed to make the DE more 

beneficial for ALU in  SSA. Thus, Hypothesis  3 runs 
as follows:

H3: Government policies play a  crucial moderating 
role in the relationship between the DE and ALU.

MATERIAL AND METHODS

Study area
In this study, we explored the impact of DE on ALU 

in 7 SSA countries (Ethiopia, Kenya, Madagascar, South 
Africa, Sudan,  Uganda, and Zambia). The  choice 
of countries is based on the availability of data, which 
also possess relatively well-developed technological 
infrastructures and numerous research institutes.  In-
deed, focusing on this small subset of seven countries 
allows for the granularity of  analysis required of  pat-
enting activity and trends in innovation at universities 
and innovation centres  (Addai et al. 2024). Figures 2 
and 3 contain a map showing seven SSA countries per 
percentages of ALU and DE.

Data sources
The data used in this analysis are based on the World 

Bank data (Table 1). Statistical analysis was conducted 
using the STATA/MP 17.0 software (StatCrop, USA). 
Map creation was done using the Geographic Informa-
tion System (QGIS v. 3.28.15).

Dependent variable. Referring to the study by Ja-
man et  al.  (2025), ALU is  the dependent variable, 
an  area that comprises the proportion of  total land 
size used for agricultural activities, such as cultivated 
lands and pastures where crop farming and livestock 
are practised. ALU is  an  important variable which 
needs to be investigated about the principles of land 
resource allocation in  SSA countries, mainly where 
agriculture contributes significantly to  economic 
growth and food security.

Independent variables. Based on  the entropy val-
ue method, the independent  variables related to  DE 
in SSA refer to the previous studies conducted by Ma 
and other researchers (Ma et  al.  2023; Yao and Sun 
2023). FTS (Fixed Telephone Subscriptions) is a meas-
ure of traditional telecom infrastructure,  MCS (Mobile 
Cellular Subscriptions) is for mobile phone usage that 
gives farmers information about market conditions 
and weather, and IUI (Individuals Using the Internet) 
is  for internet penetration that provides access to ex-
tensive data. Mobile technology is  extensively used 
to increase farming productivity. The entropy method 
consolidates some such factors into a DE index, which 
provides an  objective algorithmic approach to  assess 
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Figure 3. Seven African countries in terms of percentages of digital economy (DE)

Source: Authors' calculation
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the conditions of digital activity and its driving forces 
on  farming practices.

Mediation variable. Referring to Zhang et al. (2023), 
this study's mediation variable is PA, which measures 
innovation in SSA using agriculture as a case scenario. 
The  level of  technological development indicates the 
extent to which farmers have adopted new technolo-
gies over time, equivalent to  their adoption rate for 
short-run and long-run outputs such as  land upgrad-
ing. The intellectual property index reflects the region's 
innovation potential, which is  necessary to  harness 
benefits in the DE and correct agricultural practices.

Moderating variables. Based on  the findings pre-
sented by Gomes et al.  (2022), we  tested the interac-
tion effects of GE (Government Effectiveness) and DE 
in  SSA. It  pointed to  the need for quality public ser-
vices and  proper policies. Good governance has been 

found to enable the uptake of digital  agriculture ser-
vices, as  it  ensures access to  the right infrastructure 
and support. Water productivity (WP) was confirmed 
as a moderator of water-use efficiency and ALU, espe-
cially in arid areas.

Control variables. Five control variables are select-
ed based on  previous studies (Wang et  al.  2023; Xing 
et al. 2024). FDI (Foreign Direct Investment), which boosts 
economic productivity, may lead to land conversion for ag-
riculture. EDU (government Expenditure on Education), 
as measured by government investment in education, in-
fluences human capital formation and AP (Nguyen and 
Nguyen 2023). GDP per capita also represents economic 
status, which may affect the land use type. FP (Food pro-
duction) gives an overview of how much land is used for 
producing food (Kibria et al. 2023). These factors present 
an  overview related to DE's influence on land use change.

Table 1. Variables used in the study

Type Variables Notation Definition

Dependent 
variables agricultural land use ALU

the agricultural land variable represents 
the percentage of land area dedicated 

to agriculture (% of land area)

Independent 
variables

digital economy (DE) FTS fixed telephone subscriptions (per 100 people)
MCS mobile cellular subscriptions (per 100 people)
IUI individuals using the Internet (% of the population)

Mediation 
variables technology PA

patent applications, residents, patent applications 
filed through the Patent Cooperation Treaty 

procedure or with a national patent office

Moderation 
variable

government effectiveness GE government effectiveness: estimate

water productivity WP water productivity is calculated as GDP in constant 
prices divided by annual total water withdrawal

Control 
variables

investment FDI foreign direct investment, net inflows (% of GDP)

EDU government expenditure on education, 
total (% of GDP)

forest area FA forest area is land under natural or planted 
stands of trees (% of land area) 

GDP per capita GDP
gross domestic product is the total income earned 
through the production of goods and services in an 

economic territory during an accounting period

food production FP food production index (2014–2016 = 100)

ALU – agricultural land use; EDU – education; FA – forest area; FDI – foreign direct investment; FP – food production; 
FTS – fixed telephone subscriptions; GDP – gross domestic product per capita; GE – government effectiveness; IUI – indi-
viduals using the Internet; MCS – Mobile Cellular Subscriptions; PA – patent applications; WP – water productivity
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Econometric models
We apply a fixed-effects panel data model to account 

for unobserved country-specific heterogeneity that 
is likely to impact the relationship in existence  between 
the DE and ALU. In  the current study, fixed-effects 
model controls for country-specific heterogeneity; the 
so-called time-invariant variables at  the country level 
do not affect the result, as we are only looking at  the 
within-country variation over time. Removing the bias 
stemming  from unobserved country-specific charac-
teristics provides a better estimation of the relationship 
between DE and ALU.

The study investigates the relationship in-between 
DE, PA, and GE (Government Effectiveness). The first 
step in  specifying econometric models, based on  the 
theory analysis conducted by Baron and Kenny (Cerin 
et al. 2006; Du et al. 2024), are written as follows:

0 1it it i it i itALU DE X= β +β +β + λ + ε 	 (1)

where: ALUit – agricultural land use variable represents 
the percentage of  land area dedicated to  agriculture 
at time t for country i; DEit – the digital economy at time 
t for country i; vector Xit – other control variables affect-
ing green agriculture development; λi – the time fix effect 
at year t; εit – a random disturbance term; β0 – the model 
intercept term; β1 – the coefficient of the DE variables.

We construct a moderated mediation model with in-
teraction terms to account for  potential endogeneity and 
the robustness [Equations  (3 and 4)]. More specifically, 
we investigate the interaction between DE and GE, where 
GE is moderator 1, to examine how governance moder-
ates the impact of DE on ALU. Furthermore, we consider 
using PA as  a mediator, with the aim of reflecting the ex-
tent to which the impact of DE on ALU occurs indirectly 
through technological innovation. We  also include WP 
as moderator 2 to examine the interaction effect of DE 
and PA, and find out whether WP can accelerate ALU. 
These models are written as follows:

0 1 2it it it i itALU DE Control= β +β +β + λ + ε 	 (2)

    			
         	 (3)

     	
           	            
 
           	

(4)

where: GEit – government effectiveness at  time t for 
country i; DEit  ×  GEit – the interaction relationship 
between the DE and GE: estimate at time t for country i;  
PAit – patent applications at time t for country i; WPit – 
water productivity at time t for country i; φ6PAit × WPit 
– the interaction relationship between PA and WP 
at time t for country i; ∝0 and φ0 – constant individual 
fixed effects of countries i; ∝1 to ∝3 and φ1 and φ6 – the 
coefficient of variables.

Equation  (2) estimates the direct effect of  DE 
on  ALU,  controlling for other variables. Equation  (3) 
brings in PA and its interaction with DE × GE, for which 
PA is an intermediary between DE and ALU, while inde-
pendent GE predictors are identified. Equation (4) intro-
duces WP and its interaction with PA × WP as additional 
explanatory variables for their individual effects on ALU. 
In  this context, these models seek to  examine how PA 
mediates the impact of DE on ALU by using interaction 
terms such as DE and PA × WP to reflect potential mod-
erators in the DE–agriculture relationship.

Construction of the DE index
The entropy method provides a  systematic method 

of weighing; it can be used as an index of the complex-
ity and diversity among different countries in  an  in-
clusion-level comprehensive index for some years, 
directly measured from the DE (Arce et al. 2015; Gao 
and An 2022). Here are the steps for the calculation:

Step 1: Normalisation of the arrays of the decision matrix

1

ij
ij m

iji

x
P

x
=

=

∑
	 (5)

Step 2: Computation of the entropy measure of pro-
ject outcomes using the following equation:

1

ln 
m

j ij ij
i

E K P P
=

= − ∑ 	 (6)

In which:

( )1/ lnK m= 	 (7)

Step 3: Defining the objective weight based on  the 
entropy concept:

 1j jD E= − 	 (8)
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=
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	 (9)
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0 1 2 3it it it it it it i itPA DE GE DE GE Control=∝ + ∝ + ∝ + ∝ × + + λ + ε

0 1 2 3 4 5 6 7it it it it it it it it it it i itALU DE GE DE GE PA WP PA WP Control= ϕ + ϕ + ϕ + ϕ × + ϕ + ϕ + ϕ × + ϕ + λ + ε

0 1 2 3 4 5 6 7it it it it it it it it it it i itALU DE GE DE GE PA WP PA WP Control= ϕ + ϕ + ϕ + ϕ × + ϕ + ϕ + ϕ × + ϕ + λ + ε

0 1 2 3 4 5 6 7it it it it it it it it it it i itALU DE GE DE GE PA WP PA WP Control= ϕ + ϕ + ϕ + ϕ × + ϕ + ϕ + ϕ × + ϕ + λ + ε
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where: m – represents the number of alternatives in the 
years of  evaluation; Pij – the value after standardisa-
tion (normalised criteria/sub-criteria rate); xij – the 
actual value of  evaluation index (criteria/sub-criteria 
rate); K – entropy constant; Ej – entropy; Dj – diversity; 
Wj – objective weight of each criteria/sub-criteria.

RESULTS AND DISCUSSION

Statistic description. Table  2 provides descriptive 
statistics for the  variables used in  examining the im-
pact of DE on ALU of 119 observations from SSA coun-
tries. The ALU has a mean of 56.13  and a range of 30.32 
to 80.05, signifying a moderate variation across the lev-
els of land utilisation. The DE has a mean of 0.143, rela-
tively  low with a  small spread (0.0718; –0.211), which 
indicates that there is  room for differences in  digi-
tal adoption. PA, filed by  residents, which is  diverse 
(1 to 1 804) and of high standard deviation (325.4), indi-
cates some important differences in innovation  intensi-
ty between countries. The GE averages –0.676, show the 
structural governance  challenges observed in large parts 
of  the region. There is  high heterogeneity in  WP with 
a mean of 15.54 and GDP per capita with a minimum 
to maximum range between 191.8 to 8 737, demonstrat-
ing large economic inequalities. The  FDI mean is  also 
highly variable (mean = 3.15), but this ranges from slight 
inflows to 13.45. Finally, we find that EDU has a mod-
erate mean of  3.737, and FA concentration is  limited 
(mean = 0.081 3). FP averaged 98.87, with crop output 
capacity varying by the type of agricultural output.

Benchmark model. We have tested the relationship 
between different independent variables, DE, GE, PA, 
WP, GDP per capita, FDI, and EDU, against ALU three 
models 1, 2, and 3 (Table 3).

Model  (1) indicates that the DE has a  positive and 
significant influence on ALU at the 1% significance lev-
el. This finding confirms H1, which proposed that the 
expansion of DE has a favourable effect on ALU in SSA. 
The  positive sign implies that higher levels of  digital 
tools and platforms adoption open new access channels 
for farmers to the market, climate, and farming  infor-
mation, which results in  increasing land productivity. 
This is consistent with Lio and Liu (2006), that  infor-
mation asymmetry in the use of ICT declined, leading 
to an increase in AP. Additionally, Wang et al. (2023) 
and Schmidt et al. (2023) found that DT were AP tools. 
The results were also in accordance  with that of Naka-
sone et al. (2014) who found that DT could work in the 
direction of lowering  transaction costs and supporting 
agricultural value chain governance. In sum, the model 
suggests that  DE enhances ALU through the increased 
access to critical resources and information.

In terms of  country-specific impacts, the results 
also indicate that a  selection of  countries are more 
sensitive to  the DE's influence on  ALU than others, 
for instance Kenya (0.058), Madagascar (0.124), and 
South Africa (0.156) have the highest positive ef-
fects of digitalisation on ALU, indicating that digital 
tools significantly contribute positively to  land use 
in these  regions. Accordingly, more developed digital 
infrastructure, stronger governance, as well as better 

Table 2. Descriptive statistics

Variable Observation Mean SD Minimum Maximum
ALU 119 56.13 17.80 30.32 80.05
DE 119 0.143 0.024 7 0.071 8 0.211
PA 119 181.2 325.4 1 1 804
GE 119 –0.676 0.484 –1.705 0.332
WP 119 15.54 16.02 0.677 64.00
GDP 119 1 873 2 143 191.8 8 737
FDI 119 3.152 2.496 –0.223 13.45
EDU 119 3.737 1.514 1.100 7.050
FA 119 0.081 3 0.060 3 0.026 9 0.226
FP 119 98.87 16.06 55.14 151.8
ALU – agricultural land use; DE – digital economy; EDU – education; FA – forest area; FDI – foreign direct investment; 
FP – food production; GDP – gross domestic product per capita current; GE – government effectiveness; PA – patent 
applications; WP – water productivity; for the detailed variables explanations and units see Table 1
Source: Authors' calculation
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adoption of technological innovations in these  coun-
tries enhance the potential of DE to boost AP. In con-
trast, countries such as Zambia (–0.007) and Uganda 
(0.127) demonstrate weaker effects of  DE on  ALU. 
This shows less maturity in  terms of  digital infra-
structure and governance; thus, the impact of  DE 
is  limited in these areas. A negative coefficient,  like 
that of Zambia, could be  interpreted as digital tools 
being underutilised, not yet optimised towards ALU 
improvement, or not adequately supported by  infra-
structure or policy frameworks in place.

Model (2) shows that the interaction terms of DE and 
GE negatively and significantly affect ALU. This indi-
cates that although the DE can promote ALU, its effect 
is limited by GE. In particular, the advantages of digi-
tal tools are muted in  contexts where government 

incentives and policies may not be optimal for tech-
nology adoption. This is in accordance with H3, which 
reaffirms the need  for such government policies 
to fully capture maximum gains from the digital trans-
formation in the agriculture sector. The important in-
teraction term suggests that GE highly increases the 
adoption of the digitisation power  of AP. On the other 
hand, poor or  sluggish government policies can also 
curtail the positive effects of DE. During this period, 
supportive policy frameworks play an important role 
in overcoming the barriers to agricultural  digitalisa-
tion. In contrast, the negative interaction of DE and 
GE in Model (2) indicates that DT can work to its full 
potential with the  good government policy. Invest-
ment in  DE can help realise  productivity gains, but 
if accompanied by bad policy, contribute to a smaller 

Table 3. Benchmark regression results of the impact of digital economy (DE) on agricultural land use (ALU)

Variable Model (1) Model (2) Model (3)
DE 0.034*** (0.011) 0.609*** (0.170) 0.067*** (0.014)
GE – 1.551*** (0.469) 0.161*** (0.038)
DE×GE – –9.982*** (3.305) –1.042*** (0.270)
PA – – –0.042*** (0.010)
WP – – –0.062*** (0.017)
PA×WP – – 1.954*** (0.486)
GDP 0.010 (0.022) 0.394 (0.262) 0.004 (0.020)
FDI 0.022 (0.031) 1.603*** (0.386) 0.063** (0.032)
EDU –0.030*** (0.005) 0.061 (0.059) –0.030*** (0.004)
FA –0.029*** (0.008) 0.020 (0.143) –0.025** (0.012)
FP 0.021***(0.007) –0.092 (0.085) 0.016** (0.007)
Kenya 0.058*** (0.001) 0.021** (0.011) 0.057*** (0.001)
Madagascar 0.124*** (0.001) –0.022 (0.015) 0.123*** (0.001)
South Africa 0.156*** (0.003) 0.130*** (0.032) 0.158*** (0.003)
Sudan 0.090*** (0.001) 0.048*** (0.013) 0.088*** (0.001)
Uganda 0.127*** (0.001) –0.010 (0.012) 0.127*** (0.001)
Zambia –0.007*** (0.001) –0.024** (0.012) –0.008*** (0.001)
Constant 0.212*** (0.003) –0.197*** (0.042) 0.206***(0.004)
Observations 119 119 119
R2 0.714 0.340 0.794
Number of country ID 7 7 7
Year FE yes yes yes
*** and **significance at a 1% and 5% levels, respectively; standard errors in parentheses
EDU – education; FA – forest area; FDI – foreign direct investment; FE – fixed-effects; FP – food production; GDP – gross 
domestic product per capita current; GE – government effectiveness; PA – patent applications; WP – water productivity
Note: Country fixed effects are included using dummies. Reported omitted reference category is Ethiopia. The reported 
coefficients for other countries are the estimated differences in ALU (as compared to Ethiopia), net of all the other vari-
ables described above. The estimation sample includes all 7 countries.
Source: Authors' calculation
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share of  those gains in  remuneration. Governance 
is  important to  facilitate digital uptake (Banga and 
te Velde (2018)). Government acts allowing for DL, 
infrastructure development, and access to technology 
are also crucial in  achieving optimal land utilisation 
in the agricultural economy.

As shown in Table 3, at the 1% level, the interaction 
term for PA and WP is positive and significant, which 
indicates the complementarity between technologi-
cal  advancement and effective water resource manage-
ment over the impact of  DE on  ALU. These findings 
provide support for H2: technological innovation 
is  a mediator between DE and ALU outcomes. Sowers 
found that using better technology and modern agricul-
ture tools, coupled with active management of  water, 
would  improve land use. These results are in  agree-
ment with Zhang et  al.  (2023). The  results show  that 
greater adoption of technology and enhanced WP can 
emerge as key target strategies for AL resources. Thus, 
H2 is confirmed. The interaction of PA with WP is posi-
tive, emphasising the need  for technological innovation 
in conjunction with sustainable resource management. 
The  results imply that positive ALU responses to  DE 

can be  enhanced by  patent investment and the effi-
ciency of water. This research outcome is in agreement 
with that of Finger (2023), who highlighted sustainable 
farming methods with the intervention of technologies 
to ensure  sustainable productivity and land over a pro-
longed period of time.

Indeed, the findings provide further evidence that 
the DE can reshape ALU in SSA when combined with 
changes in government policies and technological in-
novations. Policymakers can harness these advantages 
by  developing a  more robust digital infrastructure, 
investing in  the innovation of new technologies, and 
exercising better governance.

Figure  4 presents the predictive margins with 95% 
confidence intervals for the impact of  GE and WP 
on  ALU in  SSA, as  influenced by  DE variables such 
as DE and PA.

The graphs show how the interaction of DE, GE, and 
WP affects ALU. In the left-side  graph, increasing lev-
els of  GE (GE  =  2, GE  =  3) positively influence ALU 
at low DE levels, indicating that strong governance en-
hances the impact of a nascent DE. However, the avail-
able predictive margins continue to  converge as  DE 

Figure 4. GE and WP in ALU

ALU – agricultural land use; DE – digital economy; GE – government effectiveness; PA – patent applications; WP – water 
productivity
Source: Authors' calculation
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unfolds, signifying diminishing returns; accordingly, 
governance cannot indefinitely drive ALU improve-
ments at advanced stages of DE. This may signal a need 
for dynamic governance models fitting  mature DE.

Figure 4, in the right-side, highlights the importance 
of WP in optimising ALU. Higher WP levels (WP = 2, 
WP = 3) correspond with quadratic increases in PA, sig-
nificantly  leading to  increases in ALU, indicating the 
synergy effect between technological innovation and 
efficient water management. The phenomenon under-
lines how innovation can  lead to a more efficient use 
of  resources. Taken together, these  findings suggest 
the need for integrated policies that would combine 
governance, technology and resource management for 
sustainable, productive agriculture in SSA.

Heterogeneity analysis. This analysis examines the 
heterogeneity of the DE's impact on ALU across different 
regions, specifically Eastern Africa and Southern Africa.

Comparing Model (3) in Table 3 with the heteroge-
neity localisation results in  Table  4 suggests that  the 
effects of DE on ALU for Eastern and Southern Africa 
are positive and significant at  1% and at  least at  5% 
levels, respectively. This validates the positive effect 
of  the development expenses on  land-use efficiency 

and sustains the literature on  DT  in agriculture. DE, 
in  the form of  DE, helps farmers to  obtain vital data 
like weather forecasts and the most efficient  farm-
ing practices that lead to better decision-making and 
promote higher land productivity (Jack and Suri 2011; 
Wang et  al.  2023). DE also minimises inefficiencies 
in farm operations and transaction costs  while it also 
generates data-based information on effective deploy-
ment of  resources (Zhang et  al.  2023). However, DE 
and GE have a significant negative interaction at 5% for 
the two regions, which is consistent with decreasing re-
turns to scale  from integration, which means policies 
combination between the two must be  tailored ones 
to  work as  well as  their separate outputs (Baumüller 
2017). Initial findings for the influence of DE on ALU 
are that there is a positive relationship, and this ben-
eficial  effect is stronger in smaller markets in Eastern 
Africa, suggesting the importance of government sup-
port to facilitate an uptake of DE.

These findings are consistent with the growing body 
of  literature highlighting the role of DT in  improving 
land use efficiency in  SSA. DE favours more sustain-
able production practices by  minimising informa-
tion asymmetries and enhancing access to  markets 

Table 4. Regression results of heterogeneity localisation.

Variable Eastern Africa  Southern Africa
DE 0.076*** (0.021) 0.065** (0.025)
GE 0.179** (0.078) 0.136*** (0.045)
DE×GE –1.292** (0.519) –1.019*** (0.355)
PA 0.033 (0.079) 0.007 (0.022)
WP –0.086*** (0.031) 0.118** (0.055)
PA×WP –5.939 (5.980) –0.340 (1.011)
GDP 0.199** (0.086) –0.005 (0.030)
FDI 0.048 (0.039) –0.049 (0.057)
EDU –0.017** (0.007) –0.010 (0.014)
FA –0.004 (0.012) –
FP – 0.030**(0.013)
Constant 0.202*** (0.006) 0.210*** (0.006)
Observations 68 51
R2 0.919 0.846
Number of Country ID 4 3
Country FE yes yes
Year FE yes yes
*** and **significance at a 1% and 5% levels, respectively; standard errors in parentheses
DE – digital economy; EDU – education; FA – forest area; FDI – foreign direct investment; FE – fixed-effects; FP – food 
production; GDP – gross domestic product per capita current; GE – government effectiveness; PA – patent applications; 
WP – water productivity
Source: Authors' calculation
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and technologies suited for agriculture (Jin and Jayne 
2013). However, the antagonistic role of  DE and GE 
implies that policy measures are required to reinforce 
the interaction between factors towards synergy. Such 
policies increase the DL and technology adoption for 
smallholder farmers to  address barriers to  digital in-
tegration for the benefits of DE in sustainable land use 
practices (Chamberlin et al. 2014).

Robustness test. Each model includes various in-
dependent variables to  explain the dependent vari-
able related to  ALU. The  study years are replaced 
from 2006 to  2015 to  ensure the robustness of  the 
empirical results.

Table  5 indicates that DE has a  positive effect 
across SSA on ALU at 1%, suggesting that an increase 
in DE induces a statistically significant improvement 
in  land use efficiency. The  result is  consistent with 
earlier research that has identified the role of  DE 

in the agricultural transformation, mainly using pre-
cision farming technologies (Ferroni and Zhou 2012; 
Nakasone et al. 2014). This research points out that 
DE reduces information asymmetries,  facilitating 
decision-making with access to market prices, weath-
er and agriculture practices (Jin and Jayne 2013). DE 
is  moderated by  GE, which strengthens the posi-
tive effect of  DE  on ALU, supporting H3 that good 
governance is important for the successful adoption 
of DT. The PA variable, however, has a negative rela-
tionship to  some  extent, which shows that innova-
tion itself does not directly serve in  increasing land 
use efficiency. WP also has a  negative effect on ALU, 
indicating that infrastructure and resource manage-
ment are important  (Liu et al. 2018). However, the 
FDI has a gross positive relation with AL that is posi-
tively used as AL, with the introduction of  technol-
ogy and infrastructure growth.

Table 5. Regression results of the robustness test

Variable Model (1) Model (2) Model (3)
DE 0.038*** (0.014) 0.397*** (0.101) 0.076*** (0.018)
GE – 0.878*** (0.271) 0.191*** (0.044)
DE×GE – –4.612** (1.975) –1.126*** (0.307)
PA – – –0.066** (0.027)
WP – – –0.220*** (0.056)
PA×WP – – 4.001*** (1.161)
GDP 0.027 (0.047) –0.327 (0.263) 0.067 (0.040)
FDI 0.050 (0.055) 0.681** (0.304) 0.101** (0.046)
EDU –0.019*** (0.007) 0.036 (0.039) –0.026*** (0.006)
FP 0.010 (0.012) –0.086 (0.066) 0.018* (0.010)
Kenya 0.060*** (0.001) 0.026*** (0.008) 0.050*** (0.003) 
Madagascar 0.128*** (0.002) –0.007 (0.011) 0.119*** (0.003)
South Africa 0.157*** (0.006) 0.208*** (0.033) 0.145*** (0.007)
Sudan 0.092*** (0.002) 0.064*** (0.012) 0.081*** (0.003)
Uganda 0.130*** (0.002) 0.006 (0.010) 0.126*** (0.002)
Zambia –0.006*** (0.002) –0.008 (0.012) –0.018*** (0.003)
Constant 0.207*** (0.005) –0.078** (0.030) 0.202*** (0.005)
Observations 70 70 70
R2 0.622 0.486 0.793
Number of Country ID 7 7 7
Year FE yes yes yes
*** and **significance at 1% and 5% levels, respectively; standard errors in parentheses
DE – digital economy; EDU – education; FA – forest area; FDI – foreign direct investment; FE – fixed-effects; FP – food 
production; GDP – gross domestic product per capita current; GE – government effectiveness; PA – patent applications; 
WP – water productivity
Source: Authors' calculation
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CONCLUSION

This study aims to  analyse the role of  the DE 
on ALU in SSA with close attention to how DT can 
promote land use efficiency among the various coun-
tries in the region. Using panel data from seven SSA 
countries for the period 2006 to 2022, a moderated-
mediation model to assess the direct, mediating, and 
moderating effects of technology adoption, GE, WP, 
and PA was applied. The  purpose of  the study was 
to  offer new empirical grounding to  the systemic 
influence of DE on ALU and also encourage critical 
discussion about regional differentials and policy 
at higher levels of governance.

The research proves that DE has a positive impact 
on ALU, which is consistent with previous literature 
about the contribution of  DT in  increasing AP. GE 
substantially moderates the effect of DE on ALU, and 
where governance systems are stronger, more land-
use efficiency improvements can be observed. Kenya 
and South Africa experienced the most favourable 
results, with strengthened infrastructure, digital plat-
forms and governance features. Uganda and Zambia, 
by  contrast, revealed smaller impacts driven in  part 
by infrastructure and governance constraints. Finally, 
the relationship between DE and PA also symbolises 
that our ALU cannot simply increase by merely bear-
ing innovation; policy is necessary. The results call for 
a  scale of digital infrastructure, enhancement in de-
velopable DL, and the incorporation of technological 
innovations into the policy framework to  maximise 
land utilisation and sustainable agriculture for SSA.

This study does, however, have several limitations. 
Observed heterogeneity in  agricultural practices 
across SSA means that findings may not be fully rep-
resentative of all contexts, particularly in rural places 
where access to DT is limited. Also, the data limitations 
in terms of socio-economic factors like access to credit, 
education, and land tenure were not explored (as these 
factors may also impact the adoption of  DT). Future 
research can explore the dynamics within these con-
straints and their effect on technology uptake, especial-
ly in more heterogeneous rural contexts. Additionally, 
long-term studies that would look at  long-duration 
impacts of groundwater digitalisation and DL on ALU 
would contribute to understanding the sustainable im-
pacts of these interventions.

The  study is  illuminating but has limitations. Ag-
ricultural practices and production systems in  SSA 
are, for example, so  diverse that available empiri-
cal data may not be  representative of such diversity. 

DT effectiveness is  context-dependent, which  may 
be determined by climate, infrastructure and govern-
ance, among other factors. Furthermore, dataset bias-
es,  e.g. as a consequence of stale land use information 
or incomplete technology coverage, hamper analysis. 
No  socio-economic factors, such as  available  credit 
or education, are taken into account, but will be ex-
plored in future studies of digital innovations. Future 
research directions: long-term impacts of groundwa-
ter digitalisation on  sustainability; the relationship 
between DL and  technology acceptance; and com-
parative studies by  regions. It  is  important to  study 
how digital tools improve transparency, market ac-
cess and land use efficiency for smallholder farmers.
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