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ABSTRACT
Purpose: The study evaluates new approach of digital extension
services for the long-term adoption of digital extension
technologies. We propose an indirect adoption approach to
address following research questions. What socioeconomic factors
influence rice farmers’ decision to prefer one business profile over
another? Which business profile is most preferred and likely to be
adopted by rice farmers? What are the attributes and
socioeconomic characteristics required to create the best
business profile?
Design/Methodology/Approach: Ten business profiles were
tested with a sample size of 1440 farmers. Using the RiceAdvice
as case study, we used choice experiment and the alternative-
specific mixed logit model to determine most preferred business
profile and analyze its determinants.
Findings: The preferred business profile was predicted by gender,
age, education level, rice production experience, technology
knowledge, contact with extension agents, rice farm size, and
household income. 49.4% of farmers selected cash payment after
harvest at 9.70 USD/hectare for more than two seasons-contract
as first adoption approach. Cash payment after harvest at 14.50
USD/hectare for one season-contract was chosen by 44.7% of
farmers as the second option.
Practical implications: Results highlight the ideal business profile,
which considers all levels of education, with 14.50 USD/hectare/
season as optimum price for cash payment after harvest and no
access to credit.
Theoretical implications: The study expands the applicability of
new adoption approach combined with econometric approach in
the context of digital extension service adoption.
Originality/Value: This study revealed an indirect approach to the
long-term adoption of digital extension technologies as most
suitable for small holder farmers’ adoption.
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1. Introduction

1.1. Overview of digital extension technologies

Agricultural extension services play an essential role in guiding farmers to improve the
efficiency and effectiveness of their production by transferring new technologies
through training, visits, or farm school (Van Campenhout, Spielman, and Lecoutere
2021). An effective agricultural extension service improves farmers’ technical habits,
such as fertilizer use, and leads to more efficient decision-making and better outcomes
for farmers (profit, income, food security, etc.). However, the traditional approach of
government extension services (Sylla et al. 2019; Wuepper, Roleff, and Finger 2021)
and external support provided by development partners such as NGOs and other inter-
national institutions, on the other hand, have proven their limits and must be updated
to address today’s challenges. This is especially true in Sub-Saharan Africa, where
public agricultural extension frequently fails to adequately serve farmers due to
financial insecurity and a high reliance on government or donor funding, which is
unreliable and leads to the discontinuation of many promising solutions. The tra-
ditional agricultural extension approach was criticized for its limited action based on
systemic advice delivery, including the role of intermediation (Leeuwis and Aarts
2011; Munthali et al. 2022). Furthermore, the traditional approach’s insufficient per-
formance in collaborating with value chain actors in problem-solving situations and
providing effective market and credit information was highlighted (Karpouzoglou
et al. 2016; Klerkx and Rose 2020).

The rise of digital extension technologies presents an opportunity to boost agricultural
output, strengthen the value chain and contribute to food security (Gow et al. 2020;
Rodríguez et al. 2021). Digital extension technology is a tool to better provide agricultural
recommendations to farmers through digital applications. Any digital tool or technology
used in the management of decision-making processes in agriculture or along the value
chain are referred to as digital extension technologies (Gow et al. 2020; Klerkx, Jakku, and
Labarthe 2022; McCampbell et al. 2021). It is arguably the best solution to climate varia-
bility, providing relevant information and advice for effective decision-making (Coggins
et al. 2022). Extension digitalization is expected to improve farmers’ technical skills,
address socio-economic challenges, improve food traceability, and reduce environmental
impact (Balafoutis et al. 2017; Dawkins 2016; Klerkx, Jakku, and Labarthe 2022). Digital
extension technologies aim to reduce inefficiencies coming from grossly simplified rec-
ommendations from traditional extension, thereby raising the productivity and profit-
ability from adopting improved inputs (Aminou Arouna et al. 2020). Digital extension
technologies may also help to reach large number of beneficiaries. The literature on
digital extension focused on technology development and technical performance, with
less emphasis on policy and innovative adoption approaches to ensure the technology’s
long-term adoption (Wolfert et al. 2017). Although the literature has demonstrated the
potential impact of digital extension services, farmers must also see how the technology
adds value to their activities and fits their needs before we can expect a long-term adop-
tion (Amoussouhoui et al. 2022). The digital extension service (refers to the use of Infor-
mation and Technology (IT) systems such as mobile applications or devices to provide
extension service to farmers) can help farmers overcome the abovementioned limitations
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and improve their performance. The significance of digital extension technologies is
reflected in the numerous investments and projects made in the last decade (Oliveira
et al. 2020). However, the direct adoption of digital extension technologies by farmers,
especially smallholder farmers, is still a challenge when considering the barriers to the
adoption of digital technologies. According to Ayim et al. (2022) and Barakabitze et al.
(2015), the main challenges to smallholder farmers’ adoption of digital extension tech-
nologies are poor infrastructure, a lack of ICT knowledge, financial capability, ineffective
ICT policies, and inefficiencies in agricultural institutions. The authors argued that most
African countries’ infrastructure development is still deficient, with poor agricultural
development policies. Ferrari et al. (2022) classified digital agricultural technology adop-
tion barriers as socio-cultural, technical, economic, environmental, and regulatory-insti-
tutional. As a result of these barriers, smallholder farmers adopt digital extension
technologies at a low rate (Coggins et al. 2022). Given the requirements for the direct
use of digital technologies and the barriers mentioned above, a new mechanism for adop-
tion and dissemination must be developed in collaboration with smallholder farmers
(Shang et al. 2021). Such an approach will aid in addressing various factors influencing
the proposed technology’s adoption.

1.2. Case study of digital extension application: RiceAdvice

The Consultative Group for International Agricultural Research (CGIAR) center
AfricaRice developed a digital extension technology called RiceAdvice to improve the
performance of rice farmers. RiceAdvice is a free Android application, a digital advisory
application for science-based crop management, and a decision support tool that pro-
vides rice farmers with personalized farm management advice. RiceAdvice generates rec-
ommendations based on field characteristics to increase farmer efficiency. RiceAdvice’s
recommendations include a nutrient management plan, an appropriate production
plan, and a production calendar. The application is free and available to Africa Rice’s
twenty-seven member countries. Studies conducted by Arouna et al. (2020), Zossou
et al. (2020), and Cotter et al. (2020) revealed: (1) many rice farmers agreed to use the
application, (2) to adopt the application or pay for services provided using the appli-
cation, and (3) adoption of the application has a positive impact on rice yield and
food security.

Nonetheless, due to several barriers, direct adoption of the application by smallholder
farmers remains a topic of debate. As evidence, the Competitive African Rice Initiative
(CARI) has taken over the application in 2015 and established a semi-commercial initiat-
ive in collaboration with rice miller companies since its development. Using the appli-
cation, trained extension agents (working for the rice millers’ private company) were
to provide personalized extension service to rice farmers. CARI and the Rice millers
then covered the service fee. However, because it is a project, the initiative ended in
2020. Through this initiative and other scaling, about over 100,000 recommendations
from RiceAdvice had been generated for use by farmers by the end of 2020. The main
barriers to direct adoption of digital technologies by smallholder farmers in African
countries, especially in Sub-Sahara-Africa, are a lack of or insufficient internet access,
a lack of financial resources and proper equipment or infrastructure (mobile phone,
internet, and smartphone) (Kieti et al. 2022; Oliveira et al. 2020; Porciello et al. 2022;
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Smidt 2021) and a lack of knowledge on how to use the technology (Owusu, Yankson,
and Frimpong 2017). Given the aforementioned adoption barriers, new approaches
are required to facilitate and ensure the long-term adoption of digital extension
technologies.

Given these obstacles, this study proposes an indirect adoption approach based on a
paid extension service provision via the application. This approach considers local con-
ditions to overcome the barriers and increase farmer adoption (Birner, Daum, and Pray
2021; Zossou et al. 2020). The indirect adoption approach entails a business framework
(Amoussouhoui et al. 2022) that proposes and provides farmers with quality extension
services in exchange for a fee. Therefore, the approach is expected to result in broader
and more sustainable adoption since it will remove two major constraints: farmers’
limited knowledge of direct digital technology use and limited access to adequate infra-
structure or devices. It should be noted that this adoption approach could also provide
them with a solution to their financial problem. In this approach, farmers are not
expected to adopt digital extension technology directly but rather to adopt a business
profile or a proposed service. However, given that smallholder farmers are already
experiencing liquidity issues along the supply chain and have limited access to
financial institutions, the challenge will be to find the best service fee for both
farmers and service providers, which is why an ex-ante evaluation of the approach is
required.

As a result, an ex-ante evaluation of the proposed businesses is required to select
the most appropriate business profile, make necessary corrections before implemen-
tation, and thus achieve a higher adoption rate. In this study, a business profile refers
to a set of services, also known as attributes, offered to farmers as a package. It
includes the service price, payment method, type of contract, and other services
that may be useful to the farmer. It is referred to as a ‘Business profile’ because it is
a pay-for-service approach that can be used by both private investors looking to
invest in agribusiness and institutions looking to design new extension policies.
This study proposed ten theoretical business profiles for rice farmers based on pre-
liminary information from farmers and actors. The research questions addressed
by this study are as follows:

- What socioeconomic factors influence rice farmers’ decision to pursue one business
profile over another?

- Given the characteristics of the proposed extension services, which business profile is
most preferred and likely to be adopted by rice farmers?

- What are the attributes and socioeconomic characteristics required to create the best
business profile?

The ex-ante assessment of the theoretical business profiles was conducted using a
choice experiment approach in this study. Information was provided to identify the
appropriate and promising business profile for the application’s long-term adoption.
The study proposes a business approach with applicability to overcome the constraints
and barriers (e.g. limited access to technology infrastructures such as smartphones, inter-
net, knowledge of the use of new technologies, and lower education level) of smallholder
farmers’ direct adoption of the application.
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2. Methodology

2.1. Study area, sampling method, and data collection

The research was carried out in Nigeria’s Jigawa State. It is located in the country’s north-
west and encompasses 27 Local Government Areas (LGA). The agricultural sector served
as the state’s economic backbone in the previous decade, with rice as the primary crop.
Therefore, this state was chosen because it is a major rice hub in Nigeria. Furthermore,
the CARI initiative was completed in this state, allowing us to train extension agents for
the experiment. As a result, we have extension agents in this state who are familiar with
the RiceAdvice application and rice partners (e.g. millers and intermediaries) who
already do business with rice farmers.

The data for this study were collected as part of the first phase of a Randomized
Control Trial experiment on the RiceAdvice application. Data on rice production,
food security, and sociodemographic and economic characteristics were collected
using a questionnaire. The questionnaire was created with the CSPro software and
then transferred to Android tablets for data collection. The data was collected in June
2021. The LGAs, villages, and households to be surveyed were chosen using a multi-
stage stratified sampling method. Nine LGAs were chosen on purpose based on the
number of rice farmers and the LGA where the rice millers work. In addition, the security
issue of terrorist threats in northern Nigeria was also considered. The security issues were
discussed with the extension agents, and high-risk areas were excluded. The sample size
was determined using power calculation. Based on the financial means, 20 rice farmers
per village in 72 villages were surveyed, giving a sample size of 1440 rice farmers. The
number of villages surveyed was determined proportionally and based on the number
of villages in each LGA. The villages and farmers in each LGA were then chosen at
random.

2.2. Experimental design of the business profiles

2.2.1. Choice experiment approach
The choice experiment is a widely used method to determine users’ preferences (Ellison
et al. 2016; Krah et al. 2019; Martey et al. 2021; Waldman et al. 2017). It is based on Lan-
caster’s theory (Lancaster 1966), which assumes that individual choice is based on utility
derived from the attributes of the proposed product. Following this theory, the attributes
in this study represent the characteristics that define each proposed business profile. The
choice experiment is the most straightforward and robust approach and is also called the
Discrete Choice Experiment (DCE) (Weber 2019). Unlike conjoint analysis (CA), which
is based on conjoint measurement (which is not a behavioral theory), DCE is based on
the theory of choice behavior proposed by Thurstone (Thurstone 1927), called
random utility theory (RUT). The RUT states that each choice characteristic cannot
observe a latent factor ‘utility.’ Therefore, for each individual i who chooses a business
profile j, the indirect utility function Uij is decomposed into a deterministic factor (V)
and a stochastic factor (ε) that represents the unobservable of the individual’s choice.
The utility Uij of a rice farmer i when choosing a business profile j is expressed as follows:

Uij = Vij(Xij)+ 1ij (1)
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where Uij represents the latent unobservable utility that an individual i associates with the
choice of a business profile j, Vij is the deterministic or observable component represent-
ing the vector of characteristics associated with the business profile j; Xij is the vector of
the characteristic of a business profile j for an individual i, and 1ij is the non-observable
stochastic part of the utility that considers the uncertainty.

Based on the assumption that the stochastic factor is independently and identically
distributed, the probability of a business profile j is chosen as the most preferred is
stated in a logistic distribution. The multinomial logit (MNL) model is commonly
used in discrete choice models (Crastes dit Sourd 2023), but it has two limitations.
The first is related to the Gumbel hypothesis of identically distributed independence
(IDI) of the error terms between the alternatives and the individuals, which assumes
homogeneity of preferences, which is impossible because farmers’ preferences are hetero-
geneous. The second limitation is the hypothesis of independence of irrelevant alterna-
tives (IIA). To overcome the limits, the mixed logit model (MXL) is the most used and
most appropriate because it helps to identify the unobserved heterogeneity in preference
choice (Faustin et al. 2010). Compared to the original MNL, the MXL provides an
additional b parameter representing the coefficient of the mean attributes; and the par-
ameter v for the presence of heterogeneity (A. Arouna et al. 2017). When significant, it
indicates the heterogeneity of preference in the data (A. Arouna et al. 2017). However,
the mixed logit implies the decision between a set of alternatives, sometimes resulting
in numerous alternatives between which the decision-maker must choose. Since each
alternative has different attributes, this choice is sometimes difficult for respondents.
For this reason, we use the alternative-specific mixed logit in this study, which is more
flexible than the simple mixed logit model (Streletskaya et al. 2023). The alternative-
specific mixed logit model estimates the parameters of the mixed logit model using
the maximum simulated likelihood (MSL) and relaxes the assumption of the indepen-
dence of irrelevant alternatives (IIA).

In this study, we proposed ten hypothetical business profiles to be tested with farmers
for the choice experiment. However, for the same reasons stated above, we randomly
divided both the farmer sample and the ten business profiles into two groups (five
business profiles for each group). This allows farmers to select from five business
profiles rather than ten, ensuring the most realistic choice. The dependent variable is
the chosen business profile (BP1… .BP10), which has the value ‘1’ if the farmer chose
the business profile and ‘0’ otherwise. We also included in the model case-specific vari-
ables that vary across farmers, such as sociodemographic and economic characteristics.
The alternative-specific mixed logit analysis aims to examine rice farmers’ decisions.
The analysis allows us to predict which independent variables significantly predict
whether or not a farmer will select a business profile. We assume no business profile is
the default result (status quo). Based on the alternative-specific variables (attributes/
characteristics of the proposed business profile), we expected rice farmers in each
group to select one of the business profiles, one through five and six through ten.

We ran two models, each with five business profiles and the status quo (see Table 1).
Stata/SE 16 was used for the analysis. A sample of the dataset for two rice farmers is
shown in appendix A1.

We also use Cronbach’s alpha test to measure the internal consistency (Grunert et al.
2018) of farmer’s choice and Pairwise correlation to assess the validity (appendices A2
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and A3). The test shows a calculated Cronbach’s alpha of ‘’Good’’ (scale reliability coeffi-
cient: 0.87) for Group 1, meaning good reliability, and acceptable reliability (scale
reliability coefficient: 0.76) for Group 2.

2.2.2. Attribute choice and level of attributes
The choice experiment approach comprises six key stages: attribute selection, attribute
level assignment, experimental design selection, choice set construction, preference
measurement, and estimation procedure (Weber 2019). The attributes represent a critical
feature of the offered product or service that can influence individual preference. We
determined the preferences of rice farmers based on a literature review and a workshop
organized on May 28th, 2021, with the stakeholders involved (rice farmers, millers,
traders, extension agents, and the external partner CARI) as the experiment in this
study is based on a statistical design and a hypothetical profile. The workshop consisted
of a discussion and interactive session between rice farmers and service providers to
define the various components of a business profile and their options. As moderators
and facilitators, AfricaRice and CARI were present. As a result, we set the attributes
and their level based on both sides discussion and agreement.

We first considered (i) rice farmers’ preferences based on Lancaster’s utility maximi-
zation theory and (ii) service providers’ interests in reducing prices and maximizing
profit. Then, eight attributes and their levels were chosen based on these two factors
and discussions (Table 1).

2.2.3. Logics behind the selection of attributes and the related levels are as follows
Payment method – one of the most significant constraints in agriculture and rice cultiva-
tion, particularly during the cropping season, is a financial constraint (Nonvide et al.
2018; Soullier et al. 2020). Because the technology is new, asking rice farmers to pay
for an unusual new service is a significant challenge. As a result, three payment
methods were proposed based on the literature and farmers’ contract farming experience.
The business profile is a collection of activities and services provided to rice farmers, but

Table 1. Attributes and levels of the business profiles.

Attributes

Levels

Group 1 Group 2

1 RiceAdvice Payment method 0 = No personalized
advice;

1 = Cash payment at
delivery

2 = Cash payment after
harvest

0 = No personalized advice;
1 = Cash payment after harvest.
2 = Cash payment after harvest incorporated into
the rice price

2 Price of service (USD/ hectare) 0; 9.70; 14.50; 19.40 0; 9.70; 14.50
3 Length of partnership 0 = Not interested; 1 = 1 season; 2 = More than two seasons
4 Contract farming (Trading

contract)
0 = No; 1 = Yes

5 Credit 0 = No; 1 = Yes
6 Additional paid services

(threshing, etc.)
0 = No; 1 = Yes

7 Agreement on the Quantity 0 = No; 1 = Yes
8 Agreement on the Quality 0 = No; 1 = Yes
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the most crucial factor is the payment method. We hope to make payment to rice farmers
(end users) easier so that it does not become a barrier to adoption. The first payment
method is postharvest cash payment, meaning that the rice farmer will benefit from per-
sonalized advice and pay after harvest. We assume this will give the farmers enough time
to find a buyer to cover their expenses. The second payment method is also after harvest,
but the service fee is included in the rice price. This payment method gives rice farmers
more flexibility because it is only based on the quantity sold. When the service provider
or miller purchases the rice, the service price is fixed and deducted directly from the rice
price. The third payment method is cash on delivery, which requires the farmer to pay
immediately after the service is rendered. On the other hand, some farmers would
rather not owe anything and be free to make their own decisions after harvest.

Price of service – the challenge is convincing rice farmers to pay for a new service that
they are unfamiliar with and are also unfamiliar with paying for extension services. Rice
farmers were offered a free personalized extension service in a previous experience where
extension agents, CARI, and millers/rice traders collaborated to disseminate RiceAdvice,
but the approach could not last long. This approach failed due to CARI’s limited financial
support and the lack of a business framework to assist rice millers in taking over. Accord-
ing to recent research, adopting new technology in agriculture is influenced by perform-
ance expectations, the effort required (Beza et al. 2018; Ogwuike, Arouna, and Ogwuike
2021), and the cost of use (Beza et al. 2018). These two factors could be evaluated by
testing the technology and polling users on their willingness to use and pay for it. As a
result, the optimal price must be determined for both technology users (rice farmers)
and service providers. During the workshop, various business profiles were presented
and explained to the audience. We collected rice farmers’ willingness to use and pay
for the advice provided to them using the RiceAdvice application. The information gath-
ered enabled us to propose prices, attributes, and levels for the business profiles presented
in this study (Table 1).

Length of partnership – the length of a partnership reflects the acceptance of technol-
ogy by rice farmers. A long-term partnership benefits both partners (rice farmers and
service providers) by ensuring farmer efficiency and a sustainable business for service
providers, increasing the stability of the whole chain. On the other hand, farmers may
choose a short-term partnership as a test or may be unwilling to make a long-term com-
mitment. The duration of the partnership is also a means of following up with the
farmers and providing them with up-to-date information to ensure their efficiency
throughout the partnership. On a business level, the service provider would prefer a
long-term partnership, which the farmers may be unwilling to sign for. As a result, we
propose in this study to rice farmers both short-term and long-term partnerships
based on the length of a season. We have a partnership based on a single season or
more than two seasons and the option of not signing any partnership. This means
they can request the service provider’s services whenever they need them, with the risk
that the price will vary depending on the service provider’s availability. When rice
farmers decide on their preferred business profile, this is clearly explained to them.

Contract farming – as an additional service, the service provider could offer to buy
rice from rice farmers after harvesting, which would be a separate contract. The rice
farmers can sell their products to the service provider in addition to the RiceAdvice
service. The farmer’s payment method could be harvest-related if the farmer accepts
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a commercial contract. The RiceAdvice service will be paid for after harvest, or the
service fee will be included in the rice price. This is a trading contract offered to
farmers to guarantee a market and give them a reason to use digital extension services.
The terms of this contract must be agreed upon and signed by both parties by the coun-
try’s formal trading contract regulations. Farmers could use this as a guarantee to
request agricultural credit to finance production and post-production activities. It
should be noted that the payment method and the price of the rice purchased by the
service provider are separate contract terms that must be specified in the trading con-
tract. This business option provides rice farmers with two guarantees that can be used
to improve their access to credit. The first guarantee is that they will be provided with
accurate advice, increasing their efficiency and reducing the risks that financial insti-
tutions are afraid of. The second is when farmers sign up for a trading contract with
a service provider, which could also be used as leverage to gain access to a financial
institution.

Credit – rice farmers face significant financial constraints (Soullier et al. 2020), and few
have access to financial institutions (Ojo et al. 2021). However, some rice farmers may
benefit from a cash or in-kind loans from partners such as millers or traders. Due to
their limited access to financial institutions and the need to finance production and
post-production activities, rice farmers may occasionally apply for in-kind or cash
credit through an unofficial structure. These deals are not always beneficial to farmers,
but they appear to be the most accessible option for rice farmers. In rural areas, this prac-
tice is very common and well developed. That is why we offer rice farmers the option of
applying for credit or not. Both parties should discuss and agree on the nature of the
credit (cash or in-kind).

Additional paid service – because this is a collaboration and rice farmers are used to
paying for other agricultural services, it will be interesting to see if they are open to
additional paid services. It is viewed as an opportunity for other services that farmers
may be interested in or require. It could also be viewed as an incentive approach for
farmers to respond to their needs individually during the production process. Rice
farmers and service providers could discuss the potential additional service and decide
whether or not to sign up for it.

Agreement on the quantity and the quality – these features are consistent with the
trading contract. Depending on the partnership agreement, they may or may not be
included in the trading contract. These features are required for the service provider
to ensure the quantity and quality of the product. On the other hand, rice farmers
may see this as a constraint. The options here are then agreement or not on the rice’s
quantity and quality.

2.2.4. Experimental design of the choice set and implementation
The success of the experimental design depends on the attributes and their level. With a
total of eight attributes (Table 2), two of which have three levels and six with two levels,
we could have a total of 23 x 62 = 288 combinations and possible theoretical business
profiles. However, it is unrealistic for rice farmers to choose between 288 business
profiles. Therefore, the orthogonal fractional factorial approach in SPSS version 16 soft-
ware was used to reduce the number of business profiles. This approach reduces the
number of profiles without affecting the experiment’s validity. We obtained sixteen
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business profiles, which we consider much more realistic than the 288 profiles. As
explained by Teece (2018), two important conditions can ensure the sustainable adoption
of the application and the business: (i) the viability of the business and (ii) the feasibility
of the business. In addition to the external factors that may positively or negatively affect
the business, we must consider these two factors when selecting the potential business
profile. Out of the sixteen theoretical business profiles, we retain ten business profiles
that we believe meet the two conditions. The reasons for deleting six business profiles
are explained in appendix A4.

Tables 2 and 3 show the groups of business profiles (BP) presented to the rice farmers.
At this point, we explained (providing the details and the content of each business
profile) the five business profiles to each farmer in each group, and then the farmer
stated their preferred business profile.

2.2.5. Overview of the variables included in the models
Table 4 presents the definition and details of the variables included in the models and
the expected sign of the socioeconomic characteristics. The dependent variable is
binary (1 = Yes; 0 = No), indicating each rice farmer’s choice of a business profile. The
alternative variable represents the ten business profiles divided into two groups of five
business profiles, each plus the status quo. The choice of the independent variables
was based on the existing literature on the adoption of digital farming technologies
and the adoption of business profiles (Hoang 2020; Khan et al. 2019; Leng et al. 2020;
López-Becerra, Arcas-Lario, and Alcon 2016).

Greater education, we believe, could contribute and help rice farmers better under-
stand the proposed value and assist them in their decision. Since the proposed business
profile implies rice farmers paying for a service, purchasing power is an essential factor
influencing rice farmers’ decisions. Another important parameter is the knowledge of
RiceAdvice, which is the core of the proposed business profile. A previous study
shows that rice farmers appreciate the technology, use it, and would be willing to use
it again and pay for it (Aminou Arouna et al. 2020). We know that the reality might
be different and challenging as rice farmers face financial constraints every season.
According to Miranda et al. (2016), Amoussouhoui et al. (2022) and Arouna et al.
(2020), one of the key steps to the adoption of a new technology is knowledge of the
technology.

2.3. Identification of the most preferred business profiles

The most preferred business profile was identified using a post-estimation
command from the alternative-specific mixed logit model. It generates a prediction
probability that a farmer j chooses a business profile or alternative i. The predicted
probability of farmer j choosing alternative or business profile i is calculated as in
equation 2.

P̂ia = (1/M)
∑M

m=1

Pia(b
m) (2)

where M is the number of random draws and Pia(bm) are the logistic probabilities.
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Table 2. Experimental design group 1.
Attributes BP1 BP2 BP3 BP4 BP5 No BP

Payment Method Cash at
delivery

Cash at
delivery

Cash payment after
harvest

Cash payment after
harvest

Cash payment after
harvest

No personalized
advice

D
o
no

t
lik
e
ei
th
er

op
tio

n
(O
pt
io
n-
ou

t)

Cost of service per hectare (USD) 14.50 19.40 9.70 14.50 19.40 0
Length of partnership 1 season 1 season More than 2 seasons More than 2 seasons More than 2 seasons Not interested
Credit No Yes No Yes No No
Additional paid services (land preparation,
threshing, etc.)

Yes No Yes No Yes No

Contract farming Yes Yes Yes Yes Yes No
Agreement on quantity No Yes Yes Yes No No
Agreement on quality Yes No Yes Yes No No

Table 3. Experimental design group 2.
Attributes BP6 BP7 BP8 BP9 BP10 No BP

Payment Method Cash payment
after harvest

Cash payment
after harvest

Cash payment
after harvest

Payment cash after harvest
incorporate into the rice price

Payment cash after harvest
incorporate into the rice price

No personalized
advice

D
o
no

t
lik
e
ei
th
er

op
tio

n
(O
pt
io
n-
ou

t)

Cost of service per hectare (USD) 14.50 9.70 9.70 9.70 9.70 0
Length of partnership 1 season More than 2

seasons
1 season 1 season 1 season Not interested

Credit Yes Yes No No Yes No
Additional paid services (land
preparation, threshing, etc.)

Yes No No Yes No No

Contract farming No Yes No Yes Yes No
Agreement on quantity No No No Yes No No
Agreement on quality No No No No Yes No
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2.4. Building the optimum business profile

Even if the predicted probability of choosing a business profile will provide the most pre-
ferred business profile, it does not inform about the attributes and socioeconomic charac-
teristics essential to propose an optimum business profile. Therefore, we use the Chi-
square automatic interaction detection algorithm (CHAID) analysis to identify the essen-
tial attributes of a successful business profile. The CHAID analysis implies algorithms
that determine the close interaction between the independent variables (the attributes
of business profiles and the socioeconomic characteristics) and the dependent variable
(the most preferred business profiles) using the chi-square test and the likelihood ratio
method (Dollman, Gunn, and Hull 2021; Vial et al. 2021). This methodology presents
four main advantages: (i) it allows the use of both quantitative and qualitative data;
(ii) the result generates a decision tree straightforward to interpret; (iii) it facilitates
the identification of the interaction between independent and dependent variables and,
(iv) does not require the assumption of homoscedasticity, multicollinearity, and indepen-
dence (Rodríguez-Sabiote et al. 2021). Therefore, this study considers the first three most
preferred business profiles (based on the predicted probability) as the dependent vari-
ables and their attributes and socio-economic characteristics as the independent
variables.

3. Results

This section discusses the findings in detail by responding to the research questions. The
long-term adoption approach of the digital extension service is based on the determinant

Table 4. Definition of variables used in the models.

Variable Definition Measurement

Mean
() Standard
Deviation

Expected sign
(+/–)

Dependent variable
BP Choice Choice of the Business Profile 1 = Yes; 0 = No 0.17 (0.37)
Alternative Variable
BP Represents the five business

profiles + status quo in each
block

See Tables 2 and 3
for details

3.5 (1.71)

Independent variables (Socioeconomic variable)
Gender Gender of the respondent 1 = Male; 0 =

Female
0.16 (0.36) +

Age Age of the respondent Years 42.84 (10.68) –
Level of education Formal education level of the

respondent
1 = Yes; 0 = No 0.87 (1.04) +

Experience in rice
production

Number of years of experience in
Rice production

Years 16.87 (9.27) +

Knowledge of
RiceAdvice

Respondent’s knowledge of
RiceAdvice

1 = Yes; 0 = No 0.84 (0.37) +

Contact with an
extension agent

If the respondent has been in
contact with the extension
agent

1 = Yes; 0 = No 0.50 (0.50) +

Member of
association

If the respondent is a member of
an agriculture association

1 = Yes; 0 = No 1.46 (0.84) +

Farm size Rice farm size Iog(hectare) 1.47 (1.23) +
Household income Overall household income per

year
Iog(USD/Year) 6,569.10 (5,181.40) +
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factors and primary attributes for successful service provision. Before looking deeper into
the analysis details, Figure 1 summarizes the findings.

3.1. Determining factors of the chosen business profile

Tables 5 and 6 present the results of the determinant analysis for the two groups. Results
showed that based on the Wald chi-square test [Waldχ2(45) = 256.59, p < 0.001] and
[Waldχ2(45) = 246.02, p < 0.001] for the overall models for groups 1 and 2, respectively,
containing the complete set of predictors are significant. This implies that at least one of
the regression coefficients is not equal to zero.

Overall, socioeconomic and institutional characteristics affect the choice of farmers.
Among the nine variables included in the models, six were statistically significant for
group 1, and eight were found statistically significant for group 2. Specifically, the vari-
able gender is significant for group 2, and the log-odds of female rice farmers adopting
business profiles 6, 8, 9, and 10 were 1.718, 1.107, 1.120, and 1.867. This means that
females are more likely to adopt these business profiles. The variable age is significant
in both blocks 1 and 2. In group 1, age is significant at 5% for business profile 1 and
1% for business profiles 2, 3, and 4. In group 2, age is significant at 10% for business
profile 8, 5% for business profiles 6 and 7, and 1% for business profile 9. The positive
slope indicates that the older the farmer, the more likely he is to choose a business profile.

Figure 1. Infographic of the finding.
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The education level, considered an essential parameter, is significant in both models.
The variable is significant at 1% for business profiles 1, 2, 3, 4, 6, 7, and 8; at 5% for
business profile 5, and 10% for business profile 9. This result implies that more educated
rice farmers with formal education are more likely to choose a business profile.

The variable experience in rice production is significant and surprisingly negative for
business profiles 3 and 4 in group 1 and all the business profiles for group 2. This is an
unexpected sign as we assumed that rice farmers with more rice production experience
would better understand the necessity of the opportunity in the proposed business

Table 5. Alternative-specific mixed logit of group 1.
Coefficients (Standard Errors)

Business Profile 1 Business Profile 2 Business Profile 3 Business Profile 4 Business Profile 5

Gender 0.150(0.411) 0.777(0.662) −0.024(0.457) 0.098(0.650) 0.213(1.030)
Age 0.043**(0.019) 0.089***(0.027) 0.090***(0.020) 0.085***(0.029) 0.046(0.050)
Education level 0.660***(0.185) 1.302***(0.223) 1.081***(0.188) 0.833***(0.237) 0.822**(0.371)
Experience in rice
production

−0.022(0.019) −0.043(0.029) −0.084***(0.021) −0.088***(0.033) −0.086(0.063)

RiceAdvice knowledge 1.621***(0.348) 0.397(0.489) 1.340***(0.371) −0.056(0.486) 1.028(0.909)
Contact with an
extension agent

1.878***(0.347) 0.743(0.524) 0.352(0.347) −0.020(0.508) 0.153(0.844)

Member of association 1.103***(0.204) 0.447(0.332) −0.230(0.233) 0.057(0.327) −0.178(0.605)
Rice farm size 0.178(0.228) 0.771***(0.259) 0.609***(0.231) 0.160(0.352) 0.056(0.626)
Household income 1.125***(0.219) 0.217(0.316) 1.014***(0.237) 1.575***(0.401) 1.957***(0.715)
Constant −20.796(3.168) −10.485(4.620) −18.764(3.423) −26.936(5.787) −32.789(10.280)
Number of observations 4,320
Number of cases 720
Alternatives per case 6
Wald chi2 (45) 256.59
Log likelihood −765.67
***Significant at 1%**Significant at 5%, *Significant at 10%.

Table 6. Alternative-specific mixed logit of group 2.
Coefficients (Standard Errors)

Business Profile 6 Business Profile 7 Business Profile 8 Business Profile 9 Business Profile 10

Gender 1.718***(0.432) 0.152(0.568) 1.107**(0.509) 1.120*(0.630) 2.260**(0.990)
Age 0.033**(0.015) 0.036**(0.018) 0.031*(0.018) 0.074***(0.022) 0.036(0.046)
Education Level 0.446***(0.154) 0.791***(0.163) 0.498***(0.173) 0.419*(0.228) 0.510(0.367)
Experience in rice
production

−0.054***(0.017) −0.059***(0.020) −0.061***(0.020) −0.142***(0.030) −0.097*(0.058)

RiceAdvice
Knowledge

0.831***(0.330) 0.448(0.387) 0.102(0.370) −1.193***(0.462) −0.092(0.839)

Contact with an
Extension agent

0.276(0.265) −0.910***(0.309) −0.364(0.319) −0.217(0.465) −0.449(0.839)

Member of
association

1.581***(0.275) 0.644(0.299) 0.489(0.329) 1.232***(0.348) 1.174**(0.546)

Rice farm size 0.487***(0.166) 0.687(0.175) 0.852***(0.173) 0.055(0.350) 0.660*(0.370)
Household Income −0.815****(0.188) −0.579***(0.218) −0.272(0.226) 0.633*(0.387) 0.810(0.660)
Constant 8.262(2.582) 5.643(3.043) 1.324(3.162) −12.729(5.506) −17.678(9.700)
Number of
observations

4320

Number of cases 720
Alternatives per case 6
Wald chi2 (45) 246.02
Log likelihood −876.385
***Significant at 1%**Significant at 5%, *Significant at 10%.
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profiles and, therefore, could be more open to adoption. However, rice farmers choose a
business profile based on their experience individually.

Knowledge of the RiceAdvice, as expected, is positive and significant for business
profiles 1, 3, and 6 at 1% and surprisingly negative and significant for business profile
9. The positive slope confirms the importance of first sharing the information and
informing the rice farmers about the technology and the business profiles. However,
note that the significance and positive slope were found on three business profiles over
ten, which is not enough to generalize overall models.

The variable contact with the extension agent is significant and positive for business
profile 1 and negative for business profile 7. This result confirms the uncertainty regard-
ing the knowledge of the technology. Furthermore, if the agents do not have the infor-
mation or do not transfer the information efficiently, this could have a negative effect,
as recorded on the business profile 7. Otherwise, the extension agents could play a
role in disseminating the information and proposing the service to the farmers.

Along the same line, the association, also known as a channel of learning and sharing
information, is significant and positive at 1% for business profiles 1, 6, and 9; and 5% for
business profile 10. This means that farmers of an agricultural association are more likely
to choose these business profiles.

The size of the rice production is significant and positive at 1% for business profiles 2,
3, 6, and 8; at 10% for business profile 10. This is an expected sign since we assume that
the bigger the farm size, the more interested rice farmers will be in using the technology
and choosing a business profile.

The household income is significant and positive for business profiles 1, 3, 4, 5, and 9
but is negative for business profiles 6 and 7. The positive sign implies that the higher the
household income, the more likely rice farmers will adopt the technology and therefore
be open to choosing the business profiles. However, the negative sign could be due to the
payment method, which is the common attribute of business profiles 6 and 7.

3.2. Identification of the most preferred business profiles

Table 7 displays the predicted likelihood of the selected business profiles by group.
According to the findings, business profile 3 has the highest probability in group 1
and thus is the most likely business profile to be adopted by 49.4% of the farmers in
group 1. Business profile 6 (44.7%) in group 2 is the second most preferred, and business
profile 1 (26.8%) in group 1 is the third most preferred. Intuitively, we will keep/promote
the business profile with a 25% chance of being chosen. At this point, we can keep the first
three business profiles that rice farmers are likely to select: business profiles 1, 3, and 6.

Table 7. Summary statistics of the predicted probability.
Business Profiles Group 1 Business Profiles Group 2

BP Predicted probability (%) Standard Deviation BP Predicted probability (%) Standard Deviation

1 26.8 0.131 6 44.7
16.9
14.0

0.144
2
3

5.1
49.4

0.046
0.143

7
8

0.082
0.052

4 4.4 0.046 9 5.3 0.078
5 1.1 0.009 10 1.3 0.019

THE JOURNAL OF AGRICULTURAL EDUCATION AND EXTENSION 15



3.3. Identifying the attributes and socio-economics characteristics for the
optimum business profile

The first three business profiles are made up of attributes that do not help determine
which business profile is most likely to be suitable. Figure 2 depicts the selected vari-
able by the algorithm as the essential attributes among the variables (length of partner-
ship; payment methods; price of service; access to credit; additional pay services;
contract farming; agreement on quantity; quality agreement; household income;
gender; knowledge of RiceAdvice; education level; farm size; experience in rice pro-
duction; member of agricultural association and contact with extension agent)
included in the model.

The algorithm identified education level as the first predictor, followed by service
price, credit availability, and payment method. According to the farmer’s education
level, the model recommends three optimal business profiles. For farmers with no edu-
cation, the model recommends a price of 14.50 USD/hectare (6000 Naira/hectare).
However, when it comes to payment methods, we have two suggestions. The first has
the highest percentage (35.4%), indicating that the payment method is ‘cash at delivery.’

Figure 2. CHAID Diagram tree of the most preferred Business profiles.
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The second option is to leave the payment method open and allow rice farmers to select a
suitable payment method. The model suggests not providing credit to farmers with a
primary education level.

Cash after harvest at 9.70 USD/hectare (4000 Naira/hectare) would be the most appro-
priate payment method for senior or tertiary-level farmers.

4. Discussion

Digital agricultural extension technologies provide an opportunity to improve farmer
efficiency and public extension quality. However, adoption remains a topic of interest
that requires attention. In response to farmers’ constraints and barriers to direct adoption
of digital extension technologies faced by developing countries, the study proposed an
indirect adoption approach based on a personalized service business model. An ex-
ante evaluation of the proposed business could increase its chances of success. Our
research employs a digital extension application designed to provide rice farmers with
personalized advice. Using a choice experiment approach, the study determines the
factors that may lead farmers to select a business profile offering a remunerated
service through the application. In addition, we were interested in the socioeconomic
characteristics to extrapolate our findings.

The findings revealed several significant parameters that determine the choice of rice
farmers. The gender parameter is a crucial factor for adopting a business profile, as
Zossou et al. (2020) highlighted. Results revealed that women are more likely to adopt
four over ten business profiles. The role of women in the adoption process is widely
covered in the literature (Chatterjee, Dutta Gupta, and Upadhyay 2020; Orser, Riding,
and Li 2019). A study conducted by Hay and Pearce (2014) revealed that women used
rural technology three times more than men. Similarly, Gichuki and Mulu-Mutuku
(2018) showed the importance of women in adopting mobile money technologies.
However, the authors also mention that women are less likely to adopt mobile banking
technologies viewed as prestigious services with hidden fees out of their social class. There-
fore, mobile banking technology may not fit the needs of women. Along the same line,
Chatterjee, Gupta, and Upadhyay (2020) and Orser, Riding, and Li (2019) developed the
role of technology in women’s empowerment and its importance for gender-inclusive
entrepreneurship. Other research found that women are less likely to adopt agricultural
technology than men (Aryal et al. 2020). Although both men and women have access to
new technologies, as long as they are in the same environment, women are less likely to
adopt digital technology. Voss et al. (2021) explained this by referring to the social-cultural
reality in rural area in which IT devices such as Cellphones, radios, and televisions are pri-
marily controlled by men, implying that men are the primary owners and have authority
over the device in the household. Involving women in developing and adopting digital
extension technologies would significantly reduce the gap and increase the adoption rate
(Voss et al. 2021). It should be noted that most of the abovementioned studies focus on
women using the technology by themselves, which is different from the approach of our
study since we propose a service using the technology based on indirect adoption of the
technology, which can be considered as an advantage.

The parameter Age is positive and significant for the overall business profiles. This
implies that older rice farmers would be more likely to choose a business profile and
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therefore adopt the technology. This could be explained by the fact that older farmers
(hypothetically based on their experiences) are more aware of IT advantages than
young rice farmers. However, they do not know how to use it or access the required
infrastructure, which makes this an opportunity to take advantage of and guarantee
more successful production. Furthermore, it makes farming more manageable since
farmers will execute the activities according to the advice. Also, since older farmers
have more experience in farming, they could be in a better position to evaluate more
accurately the necessity of adopting digital extension technologies through the business
profile. However, the opposite effect could be seen (Berkowsky, Sharit, and Czaja 2017),
showing the unlikely probability of older farmers adopting new technology. This result
is opposite to that of Paudel et al. (2021), who found that older farmers are less likely to
adopt precision agriculture technologies, while Roberts et al. (2004) stated that older
farmers do not adopt technology compared to younger farmers. This is understandable
as we cannot objectively expect older farmers (usually with no/or limited access or
knowledge of digital technology) to adopt digital farming technology directly.
However, the adoption rate could increase if the adoption is indirect, as proposed in
the case of this study.

The education level, perceived as an open-minded factor, could play a determining
role in rice farmers’ decision-making and effectively contribute to a better understand-
ing of the concept. Therefore, the positive coefficient of the parameter is expected. It
should guide the business design by involving educated rice farmers and providing
basic educational knowledge as a supplementary service to those who are not educated.
This could help to improve their decision-making capacity and make them feel more
comfortable and open to new technologies and opportunities. Carrer, de Souza
Filho, and Otávio Batalha (2017) reported the same positive effect of education on
the likelihood of adopting computers. The authors argued that highly educated
farmers express an interest and the need for accurate information and could appreciate
and evaluate the advantages of using IT as a tool for decision-making. On the other
hand, the experience in rice production is significant and negative for seven of the
ten business profiles. This is unexpected since we hypothesized that farmers with
more experience would be more open to choosing a business profile. Nevertheless,
the negative sign advises that this variable should be looked at during the dissemination
process to understand and determine how to turn this parameter in favor of a better
adoption. The result could also be justified by the fact that farmers with more experi-
ence in rice production were aware of the importance of the proposed service,
especially in terms of using digital extension applications for advice. Still, they
cannot see the impact on their activities without mentioning the financial constraints
that lead most rice farmers to informal loans. In addition, the variable experience could
be a double-sided blade where their experience provided valuable insight. It can also
hinder their willingness to use or adopt the service as they might consider themselves
too knowledgeable.

Knowledge about the technology as a driver in the adoption process is necessary and,
if well done, should provide farmers required information on the technology and there-
fore ensure that potential adopter is aware of the value proposition and that their
decision is entirely based on their utility function and that the non-adoption is not
due to a lack of information. This finding is in line with Ferrari et al. (2022) and
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Coggins et al. (2022), who argue that educational support should be used to facilitate
digital knowledge by training farmers, followed by the creation of innovative digital
centers. In the same line as Voss et al. (2021), farmers’ knowledge about the new tech-
nology influences their decision to adopt it, along with the availability of the technology
and how farmers perceive the impact of the adoption on their activities. Smallholder
farmers are very cautious when adding additional costs to their production line,
especially when considering financial constraints and the high-risk environment,
unless they have the appropriate knowledge and information, particularly in terms
of outcome (Vercillo, Weis, and Luginaah 2020; Voss et al. 2021). Along the same
line, we believe that the role of the extension agent is crucial for sharing information
and educating farmers on the potential and opportunities related to the adoption of
digital technologies (Amoussouhoui et al. 2022; Fabregas et al. 2022). Since there is
direct contact with the user, the extension agents would explain better. Even if the vari-
able is significant and positive in business profile 1, it is negative in business profile 7. It
could be due to the quality of the information or the lack of information. This result is
in line with Walisinghe et al. (2017) and Suvedi, Ghimire, and Kaplowitz (2017), who
found that extension services positively affect farmers’ decisions to adopt new
technologies.

Farmers could also receive information about technology adoption or service prop-
osition through agricultural associations. Farmers of an agricultural association are like-
lier to choose business profiles 1, 6, 9, or 10, including all the different payment methods.
This shows the diversity in the choice, especially if we assume that the choice is mainly
based on the payment method. Therefore, involving farmers in agricultural associations
would be beneficial to disseminate the information better. This result is in line with
Suvedi, Ghimire, and Kaplowitz (2017), who also found a positive effect of membership,
extension service, and age on technology adoption.

The choice of a business profile could also depend onwhether the rice farmer has a small
or big rice farm when it needs more human and financial resources. As hypothesized, the
farmers with big rice farms would be more interested in choosing a business profile. In the
study, five of the ten business profiles were chosen with diversity in the payment method
and other attributes of the business profiles. The business profile implies rice farmers
paying for a service that we know could be a barrier to adoption. It is also well known
that farmers face many financial difficulties along the production chain. Therefore,
adding a new expense would be very challenging, even if the service is beneficial and
impactful. That is why we proposed different payment methods. However, we hypoth-
esized that if the household income were more open, this household could choose a
business profile. This hypothesis is verified with five (1, 3, 4, 5, and 9) of the ten business
profiles. This result is consistent with the findings of Paudel et al. (2021), who reported that
higher-income households could easily access the technology since they have cash, which is
not the case for lower-income households. The same effect is also reported by Isgin et al.
(2008), with a positive effect of income on the adoption of precision farming technologies.
However, two business profiles (6 and 7) negatively affected household income. This result
could be due to the payment method (Cash payment after harvest), which is the common
attribute of the two business profiles that users can see as a constraint.

Besides analyzing determinants, we also generate the predicted probability of the
chosen business profiles, which show the most preferred business profile. Intuitively
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we consider business profiles that have a minimum of 25% probability. Based on that,
Figure 3 depicts the shape of the business profiles and shows the three business
profiles (1, 3, and 6 see appendix A5) that fit the criteria and are considered the most
preferred.

Business profile 3 has the highest predicted probability of being adopted at 49.4%, with
a cash payment after harvest for the service provided at 9.70 USD/hectare (4000 Naira/
hectare) for more than two seasons contract, followed by business profile 6 with a pre-
dicted probability of 44.7%, with cash payment after harvest for the service provided
at 14.50 USD/hectare (6000 Naira/hectare) for 1 season contract, and the business
profile 1 with predicted of 26.8% with a cash payment at delivery for 14.50 USD/
hectare (6000 Naira/hectare) for the one-season contract. Most farmers in the two
blocks choose business profiles 3 and 6. The result confirms that farmers would have
difficulty paying cash, but this is an affordable option after harvest. It is also to the advan-
tage of the service provider to have an overview of his customers (farmers) from the
beginning of the season and, therefore, put in place a financial and structural plan for
the intervention. Further analysis was also conducted to identify the crucial attributes
and socioeconomic factors. This could help to compute the optimum business profile.
Results reveal that for an optimum business profile, the attributes of the price of
service, access to credit, and payment method are the most important ones that need
to be considered. The education level was the most important factor among all the vari-
ables included in the model and the foundation for an optimum business profile. There-
fore, the algorithm proposes three possibilities according to the education level. Overall,
the optimum business profile would include all education levels, 14.50 USD/hectare
(6000 Naira/hectare) as an optimum price for a cash payment after harvest with no
access to credit. However, access to credit (cash or input) could be an attractive option
to convince farmers.

5. Limits of the study

This is the first study in the literature to propose a new adoption approach for digital
extension services, and an evaluation for long-term adoption. However, we would like
to highlight some limitations of the study.

Figure 3. Boxplot of the predicted probability of adoption in groups 1 and 2.
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. We did not use the traditional choice experiment, which involves submitting a group
of attributes to farmers to make a choice uncomplicated and more efficient for them.
We believe that explaining this to farmers would have been more complex, and we see
this study as a first step.

. Some of the business profile attributes could be combined (Agreement on quality,
Agreement on quality, trading contract) to reduce the number of alternatives and
thus make the choice easier for farmers.

. We proposed a hypothetical model for adoption, and it would be beneficial to conduct
a follow-up study in collaboration with rice value chain actors such as extension
agents, private advisors, farmers, and rice traders. On the other hand, in a future
study, we recommend reducing the number of business profiles as well as the attri-
butes and conducting a randomized control trial study to see if farmers would
indeed adopt and pay for digital extension services, as well as evaluating the impact
of their adoption on key factors such as production, wellbeing, and food security.

6. Conclusion and policy implications

The traditional extension service provided by government extension agents has shown its
limits. Therefore, new approaches and policies are required to provide farmers with more
efficient and impactful advice.With the rise of new digital extension technologies, the study
provided an operational solution to support adopting the digital extension approach. The
case of the present study is a digital extension technology designed to provide tailored
advice for rice farmers in Sub-Sahara Africa. As a solution to facilitate and guarantee a sus-
tainable adoption of digital extension technology, the study proposes a business approach
based on service providing as an indirect adoption approach. This approach can be used by
the private sector interested in investing in agribusiness and external agricultural partners
(NGO and International Organizations) to support the digitalization of extension and also
for policymakers to adopt policies and make government extension agents more efficient.
The study also provides a solution to decreasing public support for agriculture, especially
regarding extension in developing countries. The outcome provided by the experimental
choice approach offers much more information that we believe is useful to build a more
appropriate business profile with a higher adoption rate of digital extension technologies.
The results of this study lead to three main conclusions:

- Age, education level, rice production experience, knowledge of RiceAdvice, contact
with extension agent, association membership, rice production size, and household
income are socioeconomic and institutional parameters that influence rice farmers’
choice of a business profile;

- Cash payment after harvest at 9.70 USD/hectare for more than two seasons contract,
cash payment after harvest at 14.50 USD/hectare for one season contract, and cash
payment at delivery at 14.50 USD/hectare for a one-season contract are the most pre-
ferred profiles and thus more likely to adoption by rice farmers;

- The best business profile should prioritize education level as the first and most impor-
tant predictor, followed by service price, credit access, and payment options that are
appealing to rice farmers.
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However, as a technology design, this study is a step forward toward a long-term
approach for ensuring the adoption of digital extension technologies despite existing bar-
riers. Government and extensionists must support, promote, and disseminate the idea of
a business approach using digital extension technologies to support smallholder farmers.
This adoption approach represents a business opportunity for private investors and an
opening for developing new policies and strategies to assess farmers’ needs and
develop appropriate technologies to support them. With this approach, all farmers
willing to pay for the proposed service can receive advice from digital extension technol-
ogies even if they do not know how to use them.
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Appendices

Appendix A1. Sample of the dataset of two rice farmers

Ident Gender Age Nivsco Exprice Knricea Hhinco BM BPChoice
1 1001 0 33 Primary 10 1 698250 1 0
2 1001 0 33 Primary 10 1 698250 2 0
3 1001 0 33 Primary 10 1 698250 3 0
4 1001 0 33 Primary 10 1 698250 4 1
5 1001 0 33 Primary 10 1 698250 5 0
6 1001 0 33 Primary 10 1 698250 6 0

7 1002 0 45 None 20 1 2700000 1 0
8 1002 0 45 None 20 1 2700000 2 0
9 1002 0 45 None 20 1 2700000 3 0
10 1002 0 45 None 20 1 2700000 4 1
11 1002 0 45 None 20 1 2700000 5 0
12 1002 0 45 None 20 1 2700000 6 0

Note: Ident (Farmer identification code); Nivsco (Education level); Exprice (Experience in rice production in year); Knricea
(Knowledge of RiceAdvice); Hhinco (Household annual income in Naira); BP (Business Profile); BPChoice (Business
Profile Choice).

Appendix A2. Cronbach’s alpha test

Business Profiles Average interitem covariance Number of items in the scale Scale reliability coefficient
1–5 1.056 6 0.87
6–10 0.644 6 0.76

Appendix A3. Pairwise correlation test

Pairwise correlations Group 1

Business profiles (1) (2) (3) (4) (5)
(1) 1.000
(2) 0.642 1.000
(3) 0.464 0.680 1.000
(4) −0.606 −0.446 −0.374 1.000
(5) −0.717 −0.694 −0.559 0.577 1.000

Pairwise correlations Group 2

Business profiles (6) (7) (8) (9) (10)
(6) 1.000
(7) 0.673 1.000
(8) 0.319 0.445 1.000
(9) −0.363 −0.243 −0.056 1.000
(10) −0.594 −0.562 −0.465 0.236 1.000
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Appendix A4. Business profiles removed and reasons

Attributes

Business Profiles

1 2 3 4 5 6
Rice Advice
Payment
method

Cash at
delivery

Cash at delivery Cash payment
after harvest

Cash
payment
after
harvest

Payment cash
after
harvest
incorporate

Payment cash
after
harvest
incorporate

Price of
service
(Naira/
quarter of
hectare)

2.40 2.40 2.40 4.80 4.80 3.60

Length of
partnership

More than 2
seasons

More than 2
seasons

1 season 1 season More than 2
seasons

More than 2
seasons

Contract
farming
(Trading
contract)

No No No No No No

Credit No Yes Yes No Yes No
Additional
Paid services
(threshing
…)

No Yes Yes No Yes No

Agreement on
the Quantity

No Yes Yes Yes No Yes

Agreement on
the Quality

Yes No Yes Yes Yes No

Reasons Profile not
feasible:
since there is
no trading
contract, the
agreement
on quality
won’t exist

Profile not
feasible: since
there is no
trading
contract, the
agreement on
the quantity
won’t be
possible, and
the service
provider will
have no
guarantee by
providing
credit to the
farmer.

Since there is
no trading
contract,
credit, or
additional
service,
agreement on
quantity and
quality won’t
be possible

Same as
profile 1

Same as
profile 3

Same as
profiles 1
and 4

Appendix A5. Retained business profiles from the alternative-specific analysis

Characteristics/Attributes BP1 (26.8%) BP6 (44.7%) BP3 (49.4%)
Payment Method Cash at

delivery
Cash payment after
harvest

Cash payment after
harvest

Cost of service per hectare (USD) 14.50 14.50 9.70
Length of partnership 1 season 1 season More than 2 seasons
Credit No Yes No
Additional paid services (land preparation,
threshing…)

Yes Yes Yes

Contract farming Yes No Yes
Agreement on quantity No No Yes
Agreement on quality Yes No Yes

() Predicted probability.
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