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A B S T R A C T   

The Covid-19 pandemic required economic agents, in this case farmers, to make immediate decisions with an eye 
on a future characterized by high level of uncertainty. Using a multivariate probit, this paper examines the 
factors that farmers, as economic agents, considered at the peak of the pandemic in their digital (e-service) 
technology adoption decisions. The results indicate that the key factors that influence digital technology 
adoption behaviors of farmers are age, gender, education, level of dependency, experience in farming, access to 
credit and perceived possible impact of the pandemic on production activities. These factors were found to have 
different levels of influences on the adoption of different digital technologies that could help reduce physical 
contacts in line with nationally determined Covid-19 protocols whiles sustaining agricultural production activ
ities. Digital technologies that facilitate easy access to good agronomic practices, weather information services, 
input and output market information services and financial services were identified as crucial. The general 
conclusion of this paper is that farmers are willing to adopt technologies that add value to their welfare through 
timely resolution of problems that confront them. Thus, value propositions – such as relevance, effectiveness, 
efficiency, sustainability, and impact – must be the key considerations in policy interventions that promote 
positive technology adoption behaviors.   

1. Introduction 

The Covid-19 pandemic created dire consequences across the world. 
The pandemic threatened to reverse years of gains made in the socio
economic arena with serious disruptions to livelihoods. The situation 
was exacerbated by the lockdowns and restrictions on free movements 
to contain the spread of the disease [1]. The containment policies 
resulted in disruption of supply chains, especially the agri-food systems 
[2,3]. The socioeconomic costs of the containment measures adopted by 
national governments across the world include increased poverty, food 
insecurity and malnutrition with long-term consequences on the human 
capital base for sustainable and inclusive development [4–7]. This 
required economic agents, particularly farmers, to make immediate 
decisions with an eye on a future characterized by high level of uncer
tainty. This included decisions to minimize the adverse effects of 

supply-side shocks on agricultural commodity value chains [8]. The 
situation is worse in the developing world where the pandemic has 
resulted in about 115 million additional people being extremely poor 
[9]. The impact of the Covid-19 pandemic on food systems is one of the 
major priorities of scholars and policymakers [2,5,10]. 

In recent times, there have been reports of soaring food prices across 
the world with serious negative implications for food and nutrition se
curity. The hikes in food prices will most likely result in social unrest, 
political upheavals, malnutrition and increased poverty among others 
[11–15]. The situation has been made worse by the Russia-Ukraine War, 
which is happening at a time that the world is struggling to cope with the 
devastating impacts of the aftermath of the global pandemic. In their 
study of the effects of Covid-19 containment measures implemented by 
China, particularly countrywide lockdown, on food prices, Ruan et al. 
[16] report that it led to increases in food, particularly vegetable, prices. 
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Similarly, a study by Akter [17] report that physical restrictions such as 
stay-at-home led to increased food prices in 31 countries in Europe. 

It has been reported in the empirical literature that the Covid-19 
global pandemic led to reduction in agricultural production. This is 
because the restrictions on movements disrupted agricultural com
modity supply/value chains thereby distorting labor supply and input 
distributions [18–22]. For example, using panel data to analyze effects 
of the pandemic on food production in Bangladesh, Gatto and Islam [23] 
report that Covid-19 caused reduction in agricultural production, 
reduction in the share of output sold, reduced dietary diversity and 
expenditure on education. Lockdowns imposed at the peak of the 
pandemic resulted in significantly reduced labor market participation 
leading to increased food insecurity in Nigeria [5]. Similarly, it has been 
reported that households which experienced Covid-19 induced income 
shocks suffered increased food insecurity [24]. This is largely attribut
able to limited access to input and output markets, which inherently 
leads to increases in prices of goods and services [25]. The restrictions in 
movements meant loss of jobs for many people, especially the poor and 
vulnerable in areas with limited employment opportunities as well as 
business failures due to limited market access [2]. 

In Kenya, Covid-19 related disruptions in transportation of goods and 
services were reported to have led to delays in food supplies, with 
serious consequences on food and nutrition security of the poor and 
vulnerable [26]. The closures also affected informal markets in many 
areas disrupting the supply of agri-food products to households, 
particularly those poor households that depend on such markets for 
fresh farm produce such as fruits, vegetables, meat and eggs [27]. Issues 
of shortages of labor to perform critical functions in informal markets, 
especially the food processing industry, further exacerbate the impacts 
of the pandemic on livelihoods [27]. 

The pandemic caused huge job losses with women being the worse 
affected. This resulted in reduction in food consumption ultimately 
impacting food and nutrition security negatively. This assertion is 
consistent with the findings of Dang and Nguyen [28] that the pandemic 
caused more job and income losses that affected women more than men. 
Evidence also shows that female-headed households had a higher 
probability of experiencing food insecurity than those headed by males 
[29]. Most importantly, the lockdown measures limited access to agri
cultural extension and advisory services by farmers [27]. This is 
particularly so with the in-person extension services delivery to farmers. 
This means farmers needed to adopt measures to mitigate the negative 
impacts of the pandemic on their production. According to Paganini 
et al. [30], some of the mitigation measures adopted to deal with the 
negative effects of the pandemic include vegetable production, reduc
tion in spending, and change of diets among others. In their study, 
Tripathi et al. [31] report that farmers in South Africa relied on family 
labor to offset the high labor cost induced by the pandemic, consumed 
what they produced, reduced farm sizes as well as sold off household 
assets such as livestock to cope. Same authors report that Tanzanian 
farmers traded among themselves to remain viable. What seems to have 
helped build the adaptive capacity of people in the pandemic situation is 
the availability of smartphones with multiple functions [32]. Digital 
agricultural technologies are assuming central importance in recent 
times, and especially during periods of crises like the Covid-19 
pandemic. For example, FAO [33] and Roshetko et al. [34] note that 
digital services (such as extension, financial, marketing and weath
er/climate) for farmers are key innovative technologies for the future. 

Smallholder farmers faced several barriers to the adoption and use of 
digital technologies prior to the Covid-19 pandemic. Some of these are a 
lack of digital infrastructure in farming areas [35,36], problems with 
electricity infrastructure for the dissemination of agricultural informa
tion in rural areas, and socio-economic factors such as low education, 
poverty and scarcity of relevant content in local languages [35]. How
ever, evidence points to the Covid-19 pandemic inducing a phenomenal 
increase in the use of e-commerce and other e-services in several 
developing countries [37]. For example, the rise in the use of e-services 

between 2019 and 2020 in several developing countries was in double 
digits [38,39]. This presents a picture of Covid-19 inducing a behavior 
change in favor of the adoption and use of e-services technology, which 
already existed prior to the pandemic, and thus forms the subject of 
investigation in this study. 

However, what is lacking in the empirical literature is the type of 
technologies, particularly digital technologies, adopted during the 
pandemic for improved food production. For instance, to what extent 
did farmers make use of e-extension services, e-input/output market 
information services, e-payment services, and e-weather information 
services (or generally, digital services/e-services) to offset Covid-19 
induced production challenges? Thus, this paper examines the tech
nology adoption behaviors of farmers during the pandemic. This pro
vides a critical input into policy and practice in the agricultural sector 
for improved agricultural production and livelihoods development. The 
rest of the paper is organized into three (3) main sections – the materials 
and methods; results and discussion; and conclusion and implication for 
policy. 

2. Institutional voids and technology adoption by smallholder 
farmers: theoretical perspectives 

Institutional voids, in the context of operations of smallholder 
farmers, refer to the absence or failure or deficiencies in formal or 
informal institutions [40], such as rules and regulations, infrastructure, 
specialized intermediaries, and support systems – like mechanism for 
contract enforcement, property rights, and governance structure – [41], 
which can impede the adoption and effective use of agricultural tech
nologies. This is so because the presence of such voids will greatly hinder 
the efficient functioning of the institutions required for the development 
of such technologies [42]. As such, their presence affects the choices and 
actions of smallholder farmers. 

The concept of institutional voids is observed to be widely studied in 
business management in the context of developing countries [40] as 
these countries lack well-functioning institutions and are mostly 
resource constrained. Against this backdrop, smallholder farmers are 
affected by the institutional voids, and they respond to these by adopting 
various strategies including use of substitute mechanisms such as 
networking [43], or social connections [44] or trust [45]. In using these 
substitute mechanisms, smallholder farmers in developing countries 
may evolve innovative means of navigating the voids in the face of acute 
resource constraints. For example, social entrepreneurship is used in 
environments where serious cultural, environmental and 
socio-economic issues exist [40,46], and frugal entrepreneurship is 
employed in environments where there are significant resource con
straints [47]. While social entrepreneurship generates societal benefits 
or reduces societal costs, i.e., creates social value, and ensuring financial 
sustainability at the same time [48], frugal entrepreneurship is a type of 
entrepreneurship which brings a cost-effective innovation to the market 
utilizing limited resources in an environment that is extremely con
strained [47]. Other specific approaches are bricolage in which in
dividuals rely extensively on experience and observation to overcome 
their constraints, and ingenieuring in which problems are addressed 
beginning with abstract concepts rather than practical experience [42, 
49]. 

Even though the concept of institutional voids has been very well 
studied in the context of business management in developing country 
contexts [40], it has been less explored in the context of technology 
adoption in agriculture, but where it exists it has not been very direct 
and explicit. Some theoretical perspectives can be inferred to have been 
explored in institutional voids in technology adoption in agriculture and 
are: First, institutional theory [50], which emphasizes the influence of 
institutional factors on technology adoption by farmers. Within this 
framework, institutional voids can create uncertainties, lack of trust, and 
inadequate support mechanisms, making it challenging for farmers to 
adopt and integrate new technologies. Second, the innovation diffusion 
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theory, which examines the process by which innovations are adopted 
and spread within a social system [51]. Within this lens, institutional 
voids may hinder the diffusion process of technology by creating bar
riers to information flow thereby limiting access of farmers to knowl
edge about new technologies. Next, is the social capital theory, which 
tends to highlight the role of social networks, relationships, and trust in 
facilitating technology adoption [52]. The presence of institutional 
voids may impede social capital effect by dwindling the chances for 
collaboration and knowledge sharing among farmers, which can in turn 
hinder the adoption and use of new technologies. Finally, the perspec
tive of the resource-based theory or view focusing on the role of 
(tangible or intangible) assets or resources, capabilities, and constraints 
in influencing technology adoption has also been explored [53]. Insti
tutional voids can lead to resource constraints (such as limited access to 
credit, land, or infrastructure) for farmers, which will make it difficult 
for them to invest in the adoption of new technologies. 

The foregoing perspectives are relevant to the current study, which 
emphasizes smallholder farmer behavior change during pandemics in a 
typically resource-constrained developing country context (i.e., Ghana), 
and how that affects their ability to overcome their challenges in the 
adoption and use of technology in those circumstances. This is also a 
unique feature of the current study since the limited previous studies 
about institutional voids and technology adoption focused generally on 
agriculture or commercial farmers as opposed to smallholder farmers in 
developing countries. 

3. Materials and methods 

3.1. The study site 

The study was conducted in five (5) of the sixteen (16) regions of 

Ghana. All the selected regions were from the northern savannah and 
part of the transition agro-ecological zones. Specifically, the studied 
regions were the Upper West, Upper East, North East, Northern, and 
Bono East regions. The study regions are shown in Fig. 1. Except the 
Bono East Region, the rest have unimodal rainfall with the rainy season 
spanning May to October. 

3.2. Sampling and data management 

The study communities and respondents were sampled using multi
stage (four-stage) sampling strategy. The first stage was stratification of 
the selected regions into districts, from which 22 Districts (6 in Upper 
West Region; 7 in Upper East Region; 3 in North East Region; 4 in 
Northern Region; and 3 in Bono East region) were selected for their 
relevance. The second stage was a further stratification of the selected 
districts in accordance with the agricultural operational zones, which 
constituted the strata. Simple random sampling was then used in the 
third stage to sample the required number of communities from each 
stratum. The fourth stage was the use of random sampling again to 
choose the required number of households in the community for the 
survey. 

In all, 1304 farmers comprising 434 from Upper West, 394 from 
Upper East, 150 from North East, 200 from Northern and 136 from Bono 
East regions were interviewed. However, data from 1294 farmers were 
used for the analyses due to incomplete information. Field data collec
tion was carried out from May to June 2020. A combination of methods 
was used in the data collection with the administration of semi- 
structured questionnaire to farmers through face-to-face mode using 
computer assisted personal interview (CAPI) devices as the main 
method. Due to the Covid-19 pandemic situation, enumerators were 
assigned to specific districts throughout the data collection period to 

Fig. 1. The study regions.  
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minimize their movements. Enumerators observed all the Covid-19 
protocols including social/physical distancing, wearing of masks, 
using hand sanitizers, and avoiding handshakes. 

Data inputting was done directly by enumerators through the CAPI 
devices to a server. The submitted data were synchronized/backed-up 
daily to prevent any loss of data. The data were then cleaned, aggre
gated, and converted to Excel, SPSS and Stata formats. The survey data 
were used for the analyses. The analyses were basically undertaken 
using quantitative techniques to unpack the various factors that influ
ence the decisions of farmers to adopt certain digital agricultural pro
duction services. A snapshot of the data used is found in Table 2. 

3.3. Analytical framework 

The analyses involved using quantitative techniques to unpack the 
various factors that influence the decisions of farmers to adopt specific 
digital agricultural production services. Theoretically, this paper is 
motivated by the theory of behavior modification [54] and the random 
utility theory developed by McFadden [55]. This is because of the belief 
that farmers’ technology adoption behaviors can be modified by several 
forces. Some of these forces are gender, age, access to credit, and level of 
education among others (see, for example [56–58]). Adoption of the 
digital agricultural production services technologies is thus the result of 
the forces at play in the psychological field. This means that there is the 
need to identify such forces in the farmers’ technology adoption decision 
making processes to estimate the chances of success in promoting the 
specific technologies [59]. Consistent with the random utility theory as 
well as the threshold decision making theory [60], adoption of new 
technologies is possible only when the net benefit is greater than zero, 
which could be mathematically expressed as: 

K∗
ij =E[U(πA)] − E[U(πN)]> 0orE[U(πA)]>E[U(πN)] (1)  

where U(πA) and U(πN) are respectively benefit or utility derived from 
adoption and non-adoption of the new technologies. 

The net benefit K∗
ij derived by a farmer from the adoption of jth digital 

agricultural production service technology is a latent variable deter
mined by given factors(Xi).(see Tables 1 and 2) and the error term (εi). 
The model is mathematically specified as: 

K∗
ij =X′

iβj + εij (j= y1, y2, y3, y4) (2) 

The unobserved preferences in Equation (2) translate into the 
observed binary outcome equation for each choice based on the indi
cator function as follows: 

Kij =

{
1 if K∗

ij > 0
0 otherwise

(3) 

However, it has been observed that the adoption choice by farm 
households is multivariate in nature and so the appropriate modelling 
procedure should not be binary or univariate but must consider the in
teractions and possible simultaneity of the adoption decisions (see, for 
example [61–63]). In the light of this and given that there were multiple 
technologies available to farmers to adopt as a means of coping with the 
challenges imposed by the pandemic, the analysis here is pursued at the 
multivariate level to account for possible contemporaneous correlation 
or correlated disturbances among the models (that is, all four digital 
agricultural production services technologies, viz., e-extension, e-market 
information, e-payments, and e-weather information). If the error term 
in the utility model is assumed to be normally distributed, the analysis 
can be carried out using a probit model. The multivariate probit 
framework extends univariate and bivariate models to include three or 
more outcome variables yielding a system of equations like seemingly 
unrelated regressions model and it is defined as [64]: 

y∗m = x′
mβm + em,Ym = 1 if y∗m > 0, 0 otherwise,m = 1,…,M, (4)  

with E[em|x1,…, xM] = 0, Var[em|x1,…, xM] = 1, Cov[ej, em
⃒
⃒x1,…, xM] =

ρjm, and (e1, …, eM) ∼ NM[0, R]. This implies that the error terms are 
multivariate normally distributed with zero mean and a variance- 
covariance (or correlation) matrix of R. The joint probabilities that 
enter the log-likelihood function are given by: 

Prob(Yi1,…,YiM |xi1,…, xiM)=ΦM
(
qi1x′

i1β1,…, qiMxiMβM ,R∗
)
, (5)  

where qim = 2yim − 1, and R∗
jm = qijqimρjm. 

The M-variate integrals involved in the multivariate probit model 
makes it difficult to estimate and the computation process rather 
burdensome. As a result, simulation-based techniques are normally used 
(see, for example [64]). 

Empirically, the models of the four (4) digital agricultural production 
services technologies covered in this study, which are simultaneously 
estimated using the multivariate probit are specified as: 

y1 = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 + β6X6 + β7X7 + β8X8 + β9X9

+ β10X10 + ε1

(4)  

Table 1 
Variables included in the multivariate probit model.  

Variable Means of Measurement A priori 
Expectation 

Dependent Variables 
e-extension services (y1) Dummy (Yes = 1; No = 0)  
e-price information (y2) Dummy (Yes = 1; No = 0)  
e-payment services (y3) Dummy (Yes = 1; No = 0)  
e-weather information 

services (y4) 
Dummy (Yes = 1; No = 0)  

Dependent Variables 
Gender (X1) Dummy (1 = M; 0 = F) +

Age (X2) Years +/−
Education (X3) Years +

Household size (X4) Number +

Experience (X5) Years +/−
Farm size (X6) Hectares +

Savings (X7) Dummy (1 = Yes; 0 = No) +

Credit (X8) Dummy (1 = Yes; 0 = No) +

Farm investment (X9) GHS +

COVID-19 Awareness (X10) Dummy (1 = Aware; 0 = Not 
aware) 

+

Source: Field Survey Data, 2020. 

Table 2 
Descriptions of data on variables in the multivariate probit model (n = 1294).  

Variables Mean Standard 
Error 

95% Confidence Interval 

e-extension services (y1) 0.5479 0.0138 0.5208 0.5751 
e-price info (y2) 0.5603 0.0138 0.5332 0.5874 
e-payment services (y3) 0.3833 0.0135 0.3568 0.4098 
e-weather info services 

(y4) 
0.5533 0.0138 0.5262 0.5804 

Gender (X1) 0.9505 0.0060 0.9387 0.9624 
Age (X2) 48.4521 0.3850 47.6967 49.2075 
Education (X3) 6.1136 0.0678 5.9805 6.2467 
Household size (X4) 8.8988 0.2072 8.4922 9.3053 
Experience (X5) 23.6553 0.3694 22.9307 24.3800 
Farm size (X6) 12.9909 0.7755 11.4696 14.5123 
Savings (X7) 0.8022 0.0111 0.7804 0.8239 
Credit (X8) 0.2226 0.0117 0.1996 0.2456 
Farm investment (X9) 861.5765 100.0266 665.3443 1057.8090 
Covid-19 Awareness 

(X10) 
0.9560 0.0057 0.9448 0.9671 

Source: Authors’ Estimations, 2022. 
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y2 = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 + β6X6 + β7X7 + β8X8 + β9X9

+ β10X10 + ε2

(5)  

y3 = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 + β6X6 + β7X7 + β8X8 + β9X9

+ β10X10 + ε3

(6)  

y4 = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 + β6X6 + β7X7 + β8X8 + β9X9

+ β10X10 + ε4

(7) 

The choice of the variables in the models is justified by previous 
studies as discussed earlier. 

4. Results and discussion 

In general, majority of the farmers who participated in the study 
indicated their adoption of e-extension (55%), e-market information on 
inputs and outputs prices (56%) and e-weather information services 
(55%) with the minority (38%) saying they were making use of e-pay
ment services through mobile money platforms (Table 2). The descrip
tive analyses show that majority (95%) of the research participants were 
male household heads with an average age of 48 years, averagely 6 years 
of formal schooling depicting an institutional – social – void [40], 
household sizes of 9 persons, about 24 years of experience in farming 
and farm sizes of about 13 acres (Table 2). Majority of them also indi
cated that they make savings for “rainy days” (80%) with only about a 
fifth (22%) of them indicating they have had access to credit (Table 2). 
On the average, farmers invested GHS862 (US$154) in their farm pro
duction with the majority (96%) of them reporting awareness of the 
Covid-19 pandemic (Table 2). 

The study modelled socioeconomic characteristics of farmers to 
determine which of them should be the focus of policy in promoting the 
adoption of digital agricultural production services technologies in the 
era of global uncertainty. The estimated multivariate probit produced a 
likelihood ratio test, which is significant at 1% (Table 3). This means 
that the rho values, which are the correlation coefficients between the 
residuals of each of the probit models, are statistically significantly 

different from zero. The implication of this is that the use of the multi
variate probit model is appropriate. 

The multivariate probit results indicate that the adoption behavior of 
farmers of e-extension services is significantly influenced by age, level of 
education, farm size, access to credit, farm investment, and awareness of 
the Covid-19 pandemic (Table 3). In particular, the results revealed that 
the probability of adopting e-extension services increases with 
increasing age, farm size, and access to credit (Table 3). Specifically, 
every extra year gained by a farmer increases their probability of 
adopting e-extension services, ceteris paribus. This is probably because 
older farmers are independent and so can make digital technology 
adoption decisions by themselves. Like Sabastian et al. [65] in Indonesia 
and Wongnaa et al. [57] in Ghana who found area cultivated to be 
positively related to adoption of management practices, the results of 
this study also revealed farm size to have a positive and significant 
relationship with probability of adopting e-extension services and same 
applies to access to credit. On the other hand, the higher the level of 
education, experience in farming and farm investment, the lower the 
probability of adoption of e-extension services by farmers (Table 3). 
These findings are contrary to expectations but indicate that farmers in 
those categories are confident in their own abilities to farm and access 
information, and thus they do not need to rely on digital extension 
services. However, the effect of education on the adoption of e-extension 
is in line with that obtained by Issahaku et al. [66], who reported that 
additional years of education reduced the likelihood of farmers 
complying with extension services. More importantly, those farmers 
who indicated that they were aware of the Covid-19 pandemic and its 
consequences were more likely to adopt e-extension services delivery 
than those who were unaware of the disease and its possible conse
quences on their livelihoods. This is in line with the result obtained by 
Martey et al. [58] that price shocks occasioned by Covid-19 had positive 
effect on the adoption of at least half of the number of management 
practices studied. 

The multivariate probit model results also revealed that the factors 
that significantly influence the adoption of e-market information ser
vices (information on inputs and outputs prices) are gender, access to 
credit and awareness of the Covid-19 pandemic. Gender and access to 
credit were found to have significantly positive influence on the prob
ability of adoption of e-market information services. The awareness of 
the Covid-19 pandemic and the potential consequences on livelihoods 

Table 3 
Multivariate probit results (n = 1294).  

Variable e-Extension e-Market info e-Payments e-Weather info 

Coefficient (Std. Error) Coefficient (Std. Error) Coefficient (Std. Error) Coefficient (Std. Error) 

Gender (X1) − 0.0004 (0.1678) 0.3050* (0.1581) − 0.0167 (0.1626) 0.0473 (0.1523) 
Age (X2) 0.0058* (.0033) 0.0047 (0.0031) 0.0040 (0.0032) 0.0043 (0.0031) 
Education (X3) − 0.0312** (0.0152) − 0.0094 (0.0147) − 0.0456*** (0.0149) − 0.0020 (0.0146) 
Household size (X4) 0.0017 (0.0053) − 0.0040 (0.0050) − 0.0166*** (0.0053) − 0.0018 (0.0052) 
Experience (X5) − 0.0043 (0.0034) − 0.0043 (0.0033) 0.0013 (0.0034) − 0.0049 (0.0033) 
Farm size (X6) 0.0067*** (0.0020) 0.0019 (0.0012) 0.0032*** (0.0011) 0.005*** (0.0018) 
Savings (X7) 0.0789 (0.0921) 0.0981 (0.0897) 0.1076 (0.0916) 0.1585*(0.0889) 
Credit (X8) 0.2027** (0.0856) 0.1914** (0.0833) 0.1029 (0.0827) 0.1301 (0.0821) 
Ln (Investment) (X9) − 0.0349** (0.0165) 0.0221 (0.0160) 0.0174 (0.0159) − 0.0153 (0.0159) 
COVID-19 Aware (X10) 0.7692*** (0.1746) 0.6396*** (0.1639) 0.3202* (0.1756) 0.1264 (0.1513) 
Constant − 0.6392** (0.2859) 0.1828 (0.2673) − 0.6193** (0.2839) − 0.2477 (0.2605) 

Measure Coefficient Std. Error z P>|z| 

rho21 0.7563 0.0232 32.60 0.000 
rho31 0.6229 0.0304 20.47 0.000 
rho41 0.7267 0.0235 30.88 0.000 
rho32 0.7398 0.0239 30.90 0.000 
rho42 0.8381 0.0162 51.79 0.000 
rho43 0.6625 0.0280 23.65 0.000 

Goodness of Fit Measures 
Likelihood ratio test of rho21 = rho31 = rho41 = rho32 = rho42 = rho43 = 0: chi2 (6) = 1502.83 Prob > chi2 = 0.0000 

***p < 0.01; **p < 0.05; *p < 0.10. 
Source: Authors’ Estimations, 2022. 
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was also found to have a significantly positive influence on the proba
bility of adoption of e-market information services by farmers. Specif
ically, the probability of adopting e-market information services is 
higher among men than women (Table 3). The results further indicate 
that access to credit positively influences farmers’ probability of 
adopting e-market information services, ceteris paribus. The positive 
findings of some of the socio-economic characteristics of the farmer on 
the adoption of e-market information services is in sync with that of 
Rahayu and Day [67] who reported positive effects of individual and 
environmental factors on the adoption of e-commerce by SMEs, in 
general, in Indonesia. In line with expectation, those farmers who 
indicated that they were aware of the Covid-19 pandemic and its con
sequences were more likely to adopt e-market information services than 
those who were unaware of the disease and its possible consequences on 
their livelihoods. This finding reflects that reported by Misra et al. [68] 
to the effect that the Covid-19 pandemic accelerated the adoption of 
e-market services by small businesses in India. 

For e-payments through mobile money applications, the key factors 
that significantly affect adoption are level of education, household size, 
farm size and awareness of the Covid-19 pandemic. Contrary to expec
tation, it was found that level of education had a negative and significant 
effect on the probability of adopting e-payment services through mobile 
money platforms. This means that the higher the level of education of a 
farmer, the lower the probability of adopting e-payment services, ceteris 
paribus. This is probably because more educated farmers already have 
access to e-payment platforms and so are less likely to want to adopt e- 
payment services. This result contrasts with the positive effect of edu
cation on mobile money technology adoption reported by some studies 
in other developing country contexts [69,70]. Household size was also 
found to negatively and significantly, influence farmers’ probability of 
adopting e-payment services (Table 3). This means farmers with large 
household sizes are less likely to adopt e-payment services to off-set the 
challenges imposed by restrictions on physical movements during the 
peak of the pandemic. Farm size was found to have significant and 
positive influence on the probability of adopting e-payment services as 
reported also by Abdul-Rahaman and Abdulai [71] for rice farmers in 
Ghana, implying that farmers who have large farm sizes are more likely 
to adopt e-payment services than those with small farm sizes. Specif
ically, a unit increase in acreage under cultivation leads to a corre
sponding increase in the probability of adopting e-payment services. 
This is likely a risk management strategy where because they operate 
large farms, they frequently pay for services and so avoid a situation of 
having to physically carry cash. It was further found that farmers who 
were aware of Covid-19 and its consequences had higher probability of 
adopting e-payment services than their counterparts who were unaware 
of the disease and its potential impacts on their livelihoods. 

The adoption of e-weather information services was found to be 
significantly influenced by farm size and household savings only. Spe
cifically, it was found that a unit increase in farm size significantly in
creases the probability of adopting e-weather information services by 
farmers. Similarly, having household savings was found to have positive 
significant influence on the probability of adoption of e-weather infor
mation services by farmers (Table 3). Generally, the e-weather infor
mation is delivered to farmers through mobile phone-based platforms 
and since the farmers’ level of education is very low (an average of only 
6 years of formal education), the mode of delivery or communication 
might be important [72]. For example, an sms-based delivery mode 
might not be very useful as a lot of them will not be able to read. Sarku 
et al. [73] note that even though the provision of weather and related 
information services is increasingly becoming important for smallholder 
farmers in the context of developing countries to manage the risks 
associated with climate change and variability, there are gaps between 
what providers perceive as useful and what users consider as useable 
information thereby leading to underutilization of weather and other 
related information services in the farming sector. Other factors that 
lead to underutilization of weather and climate services are a lack of 

understanding, unavailable, unsuitable or unusable data [74], low levels 
of accuracy, forecast parameters that do not meet the decision-makers’ 
needs, inadequate knowledge on the forecasts, inadequate knowledge 
on climate variability impacts and associated decision responses, skep
ticism about the scientific credibility of forecasting, among others [75]. 

A key finding emerging from this study is that the factors that in
fluence the adoption of digital technologies/services (i.e., age, gender, 
education, household size, farm size, savings, access to credit and in
vestment) in this study are similar to factors that influence the adoption 
of agricultural management technologies as shown by Akudugu et al. 
[56], Kallio et al. [76], Sabastian et al. [65], Wongnaa et al. [57] and 
Martey et al. [58]. Attempts to bolster the use of the digital technologies 
in agriculture might therefore not present a huge cost outlay since 
ongoing efforts at promoting management practices will already have 
some complementary effects. Also, the factors identified here can be 
related to those identified by Yadav et al. [77] as relative advantage, 
trialability, compatibility, observability, complexity, aversion to 
change, technological anxiety, personal and social values. Indeed, the 
use of the e-services by farmers as covered by this study depends so 
much on personal and social characteristics, benefits derived, their 
disposition towards technology, and how easy they can be used. Further, 
credit stands out as a facilitator of the adoption and use of the digital 
services, yet smallholder farmers are credit-constrained and so mostly 
adopt substitute mechanisms such as their own savings and/or in
vestments or that of their close social network [44] as a way of over
coming this void. 

The implication of the findings is that policies to promote digital 
technologies or e-services (i.e., e-extension, e-market information, e- 
payments and e-weather/climate) to smallholder farmers must take into 
consideration the age, gender, level of education, household size, farm 
size, access to credit, savings, farm investment and the Covid-19 
awareness or other pandemics and its/their potential impacts on live
lihoods. Simelton and McCampbell [78] opine that for e-climate services 
to be effective, their design should include input from farmers, extension 
personnel, and policymakers. In a similar vein, Chiputwa et al. [79] 
noted that to ensure desirable uptake and use among farmers in 
informing farm management responses for better adaptation to climate 
change, inclusive and participatory approaches in the provision of 
general digital technologies in farming should be used. In other words, 
for optimal outcome in the adoption and use of e-services by farmers, 
such services should be developed with the farmers not for them. Several 
other policy-relevant implications are revealed by this study. Firstly, the 
Ministry of Food and Agriculture, and the Ministry of Trade and In
dustry, in collaboration with other key stakeholders in the agricultural 
sector, must take advantage of the opportunities created by the 
pandemic to respectively sustain the high adoption of e-extension ser
vices and the e-market information services among farmers. Secondly, 
the Bank of Ghana and telecommunication companies must devise 
strategies to sustain the increased probability of adoption of e-payment 
services via mobile money platforms. This means that policies, such as 
the e-levy introduced by the government of Ghana in May of 2022 [80], 
that impede the use of e-payment system might have to be reconsidered 
if the increase in probability of adoption of e-payment services caused by 
the pandemic is to be sustained. Indeed, an assessment of the e-levy has 
revealed that transactions have reduced drastically with devasting ef
fects on financial inclusion of the vulnerable and government’s tax 
revenue [81]. Thirdly, the pandemic made no significant contribution to 
the adoption of e-weather information services, and this could be 
because many farmers rely on indigenous knowledge to predict weather 
events – a kind of social entrepreneurship or more specifically bricolage 
[42,49] to navigate the lack of trust in weather information services. 
This is not as good in this era of smart agriculture in response to climate 
change. Thus, the Ghana Meteorological Agency, in collaboration with 
the Ministry of Food and Agriculture, should devise policy options that 
seek to promote the adoption of e-weather information services as this is 
critical for smart farming in this technological age. As already noted, an 
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effective way of increasing farmers’ use of e-climate services is to adopt 
inclusive and participatory approaches in their design [78,79]. 

5. Conclusions and policy implications 

The Covid-19 pandemic came along with huge challenges and dis
ruptions in economic systems that have over the years been relied upon 
to support livelihoods. The major productive sectors of economies of all 
countries in the world experienced unprecedented challenges that kept 
livelihoods in jeopardy. This is particularly so in the agri-food sector that 
experienced monumental challenges resulting in historical weakening of 
food supply chains, putting millions in need of food aid. To be better 
prepared to handle future pandemics of the scale of Covid-19 and the 
accompanying economic crises across the world, it is important to un
derstand how economic agents, in this case farmers, make production 
related decisions in these challenging times with an eye on a future 
characterized by high level of uncertainty. This is particularly important 
given that restrictions on physical movements meant that farmers 
needed to devise alternative ways of accessing the needed services and 
inputs for food production to continue. Thus, we conclude that indeed, 
at the peak of the pandemic, farmers relied on e-extension services, e- 
market information services, e-payment services using mobile money 
platforms created by telecommunication companies and e-weather in
formation services. Except e-weather information services, the Covid-19 
pandemic made significant contributions to the probability of adopting 
the digital agricultural production services or technologies. In partic
ular, the pandemic increased the probability of adopting e-extension, e- 
market information and e-payment services. Surprisingly, education had 
a negative influence on the adoption of e-services. However, farm size, 
access to credit, and Covid-19 awareness had positive influences on e- 
service adoption. Each of those four factors were found to influence the 
adoption of at least two of the four e-services. 

The findings of the study have several implications for policy. First, 
the findings imply that to enhance uptake of digital technologies or e- 
services by farmers, policy must consider the significant factors 
including Covid-19 awareness or other pandemics and their potential 
impacts on livelihoods. Second, an important finding from this study is 
that the factors that influence the adoption of digital technologies/ser
vices in this study are similar to factors that influence the adoption of 
agricultural management technologies, and this needs to be noted by 
policymakers. Further, for optimal outcome in the adoption and use of e- 
services by farmers, such services should be developed with the farmers 
not for them. Additionally, relevant ministries such as the Ministry of 
Food and Agriculture, and the Ministry of Trade and Industry should 
take advantage of the opportunities created by the pandemic to sustain 
the high adoption of e-extension services and the e-market information 
services among farmers. Finally, the monetary authority and telecom
munication companies will need to evolve ways to sustain the increased 
probability of adoption of e-payment services via mobile money plat
forms, including making suggestions to government to reconsider the e- 
levy. 
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