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Abstract

In the face of the agricultural sector's challenges, food security with an increasing human population
and high demand for food is a significant problem. Traditional methods used by farmers have not
been sufficient to meet the food requirements of the growing population. As a result, the agricultural
sector has begun to deploy artificial intelligence to meet the demand for food and sustainability. This
study was conducted to examine how Al improves farmers' productivity and sustainability. Data
were analyzed using centering resonance analysis, t-test, ANOVA, and text mining news articles
from 2014-2019 in Africa, Asia, Europe, and North America. Results show that Al is used primarily to
increase productivity and efficiency and secondarily to address labor shortages and environmental
sustainability concerns. The results at the regional level reflect the active adoption of AI in North
America and Europe, with increasing efforts in Asia and Africa.
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INTRODUCTION

In recent decades, agricultural systems have faced immense global challenges, such as climate change, a decrease in
the availability of water, increased production costs, and a decrease in agricultural labor. These factors challenge the
environmental and economic sustainability of current and future systems of the food supply. (Andersen et al., 2018).
Although agriculture continues to evolve, essential innovations will be required to keep pace with ongoing global
challenges (Hatfield et al., 2014).

However, the incorporation of information technology (IT) into agricultural operations, also referred to as
agricultural information technology (AIT), has made significant progress over the last 20 years (Wang, Jin, and Mao,
2019). Recently, Artificial Intelligence (AI) has drawn tremendous interest from the agricultural sector because it is
now readily accessible for the exploitation of big data from Unmanned Aircraft Systems (UAS). Thus, Artificial
intelligence continues to evolve, creating the most commonly available development niche from the laboratory.
Recent research shows that most large organizations are rapidly implementing artificial intelligence (AI)
technologies or preparing to deploy them (Donepudi, 2018). Hence, UAS provides an unparalleled opportunity for
advanced analytics of agricultural system management to enhance production systems' resilience and efficiency

(Coble et al., 2018).

Moreover, Al is increasingly prevalent in business and industry nowadays. It can revolutionize the way we discover,
read, work, interact and operate. It has tremendous economic and societal potential (National Artificial Intelligence
Research and Development Strategic Plan, 2016). The rise in precision agriculture is a new approach that uses data-
intensive techniques and instruments to revolutionize agriculture, which has led to the corporation of IT into
agricultural production (Donepudi, 2014a). Thus, an essential aspect of precision farming is artificial intelligence
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(AI), which uses a vast amount of data to guide farm decisions and value-added farming. Hence, to generate value
by improving crop yields and addressing sustainability problems, the agricultural sector implements Al and
Machine Learning (ML) applications (Donepudi, 2017).

However, There are several Al concepts, and over time, they have been updated. Mostly, Al solves complex human
intelligence-related cognitive problems. Al identifies issues and develops solutions for the benefit of technology,
people, and society. However, the central principle of Al has been the continuous development of machines that can
think like humans (Marr, 2018). Thus, Artificial Intelligence (Al) can assist farmers in getting more out of the soil
while using energy more sustainably. Also, big data refers to a vast volume of information from cameras, IoT, GPS,
aerial photography, and so on (Sjaak et al., 2017). Hence, In addition to traditional methods of political and economic
action, Artificial Intelligence (A.L) plays a growing role in the eyes of scientists and governments in their efforts to
address challenges facing food security (Cortés and Sanchez-Marre, 2000; Gelb et al., 2008).
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Fig 1: The Smart farm Conceptual framework (Wolfert et al., 2017)

Furthermore, Scholars and professionals have a greater interest in artificial intelligence technology in the last 20
years (AI). First, several attempts to describe Al have been made. For Al, some authors describe the ability of a
"machine" in a versatile configuration to interpret the inputs generated by the environment in a "clever" way or to
decode external variables better (Kaplan, Haenlein, 2019; Nilsson, 1983). Thus, Al represents a modern way of
generating and handling information in an adequately rethought business model (Mikalef et al., 2017; Sachs et al.,
2019), including the link between innovation and sustainability.

Also, dramatic changes in the agricultural sector are needed to achieve the UN Sustainable Development Goals for
zero hunger by 2030. The disturbances in agricultural practices due to unpredictable weather, global water
shortages, and greenhouse gas emissions pose serious concerns. Thus, Transitioning from traditional farming
practices to a sustainable way of growing food will contribute to a healthier environment and social and economic
equity. Therefore, it is becoming a priority to accelerate agricultural production while minimizing negative
environmental impacts.

However, the emergence of artificial intelligence (Al) is shaping a growing range of sectors. For example, it affects
global productivity (Acemoglu and Restrepo, 2018), equality and inclusion (Bolukbasi et al., 2016), environmental
outcomes (Norouzzadeh et al., 2018), and several other areas, both in the short and long term (Tegmark, 2017). Thus,
By promoting food, health, water, and energy provision to the people, Al can act as an enabler for all objectives. It
can also underpin low-carbon systems, such as by promoting the creation of circular economies and smart cities that
make efficient use of their resources (International Energy Agency, 2017).

According to Ullah et al. (2017), there are technologies useful for precision farming such as GPS/GNSS, mobile
devices, robotics, driverless tractor, irrigation, Unmanned Arial Vehicle (UAV), Internet Of Things (IoT), sensors,
variable rate seeding, weather modeling. However, Al is used when robots and drones, and other devices, operating
in the fleet (Ribeiro et al., 2015). Al is also used for classification based on the quality characteristics of the product at
the time of harvesting (Oppenheim and Shani, 2017). However, one of the significant areas of computer science
research is Artificial Intelligence (AI). Al is increasingly becoming more widespread with its rapid technological
growth and a wide variety of applications due to its strong applicability to specific problems humans and traditional
computing structures cannot resolve (Rich and Kevin Knight, 1991).
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This research seeks to determine how agricultural organizations, both globally and within different geographical
regions, use Al to create value and address sustainability concerns. Thus this study is divided as follows. The
following sections follow as Literature reviews, methodology, results, and discussion, conclusions, and
recommendations.

LITERATURE REVIEW

Agriculture is essential to our livelihood and is vital to the economies of many countries. Thus, increasing
agricultural productivity in a disrupted climate and limited resources are increasingly demanding. Hence, to meet
farm challenges and increase food demand, computer, satellite, internet, mobile, and social media technology are
used. It is expected that the combination of IT and agricultural techniques will result in increased output, perhaps up
to 60% (Donepudi, 2014b).

However, with the introduction of technology, companies have undergone dramatic changes across many industries
globally (Kakkad, Patel, Shah, 2019). Thus, the Agricultural sector being the least digitized industry has seen
tremendous growth in the development and commercialization of agricultural technologies. Hence, Artificial
Intelligence is entering daily life by augmenting our possible perceptions and changing how we interact with our
environment (Vadlamudi, 2016).

In Agricultural sector, Al is getting implemented. The utilization of Al in agriculture has revolutionized the modern
agricultural system. What this technology has enabled is increased crop production, more significant real-time
streamlining of harvesting, processing, and marketing (Yang et al.,, 2007). Thus, farm management operations
involve complex problems characterized by high uncertainty and multiple action courses (Recio et al., 2003). Hence,
current IT innovations provide farmers with adequate support when making decisions and other operations (Aubert
et al., 2012).

Furthermore, new automated systems technology using agricultural robots and drones has contributed to the agro-
industry. Various high-tech computer systems, such as weed detection, yield detection, crop quality, and many other
techniques, are designed to recognize different important parameters (Liakos et al., 2018). Al-based technologies help
increase productivity in all areas and also handle the challenges faced by various industries, including agricultural
sectors such as crop yield, irrigation, identification of soil content, monitoring of crops, weeding, the establishment of
crops, and so on (Kim et al., 2008).

According to Panpatte (2018), artificial intelligence allows farmers to compile large quantities of data from websites
and to provide farmers with solutions to many problems of uncertainty, as well as to provide the farmer with smart
agricultural practices that will increase farm yield. However, shortly, agriculture will be a combination of technical
and biological skills due to artificial intelligence, which will not only act as a better quality outcome for all farmers
but will also minimize their losses and workloads. Thus, to reduce the pressure on farmers. Agricultural Al can
automate a variety of procedures, minimize risks and provide reasonably simple and successful farming for farmers.

However, Adoption is defined as a decision to continue full use of innovation while the adoption process is a decision-
making process (Ekong, 2003). Thus, farmer's adoption of new technology is due to factors such as the influence of
peer's (Fox et al., 2018), farm size, location, farmer’s level of education and age, the complementarity of technology, and
access to information sources (Auernhammer, 2001; Kitchen et al., 2002; Daberkow, and McBride,2003; Fountas et al.,
2005). Initial adoption decisions are reflected in the attitudes and behaviors of the adopters; while technology
enthusiasts actively adopt technology, unwilling users maintain traditional farming practices (Cavallo et al., 2014).
Several factors could drive the adoption process. Low or non-adoption could be conditioned by institutional and
structural factors, such as social networks and the market structure of Al (Akinola et al., 2010). Moreover, to increase
productivity, technology must be adopted in the production process. The rate of adoption of new technology is subject
to its profitability, degree of risk associated with it, capital requirements, agricultural policies and socioeconomic
characteristics of farmers (Shideed and Mohammed, 2005). Thus, farmers’ perception and preference for particular
attributes influence their actions in choosing one crop or variety over another. Hence, perception and knowledge guide
decision-making and, consequently, farmers’ actions (Kisauzi et al., 2012).

However, the focus of Al is different from that of the past 60 years (Yunhe, 2016). It is starting to become an essential
feature of almost all industries (Bollier, 2017). The concept of AI consists of a comprehensive set of training
computers that aim to do tasks involving human intelligence. Al encompasses many different aspects, including
machine learning, deep learning, expert systems, and robotics (Purdy and Daugherty, 2016). Also, their are different
factors that can affects the adoption of Al in the agricultural sector. The first is environmental barriers. The
environmental barrier categories include consumer trust and regulatory acceptance (Grosz et al.,2016; (Ransbotham
etal., 2017).
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Contrary to the benefits of Al technology (Ransbotham et al., 2018), the technology followers have expressed similar
digital innovation that depends on both customer data and customers’ trust. The AI characteristic like mimic human
intelligence, creates new management issues for legal activities. Furthermore, government regulatory issues have not
yet cove with Al technology. Al offers a new strategic approach towards business decision-making resulting in new
ways to create value, which are not well understood (Chui and Francisco, 2017; Ransbotham et al. 2018).

According to the Mckinsey Global report (2018), the implementation of Al in organizations poses crucial challenges
that cut across developers, government, and employees (Chui et al., 2018). Therefore, we suggest that government
regulation is essential to building trust in AIl. However, there are organizational barriers. The organizational barrier
categories are related to a lack of top management support, a lack of Al skills and employee fear of change (Bughin
et al., 2001; Ransbotham et al., 2017; Sikka, 2017). Thus, there is also a lack of top management support, which is
interpreted as a lack of managerial skills associated with managing organizational adaptations to Al Strong top
management support goes hand-in-hand with Al adoption (Chui and Francisco, 2017). Hence, the technological
barrier category includes security and limited technology capabilities (Bughin et al., 2017; Ransbotham et al., 2017).

According to Chan et al. (2003), Al could be applied to reducing environmental pollution, conservation and recycling
since natural resources are significant social and environmental concerns. On a comprehensive account, the areas of
artificial intelligence are classified into sixteen categories, (Vadlamudi, 2017; Chen and Van Beek, 2001; Hong, 2001;
and Stone et al., 2001). These are reasoning, programming, artificial life, belief revision, data mining, distributed Al,
expert systems, genetic algorithms, systems, knowledge representation, machine learning, natural language
understanding, neural networks, theorem proving, constraint satisfaction, and theory of computation (Peng and
Zhang 2007; Zhou et al. 2007;Wang et al. (2007).

Artificial Intelligence (AI) is a combination of numerous varieties of methods and phenomena, among which two
major concepts called Neural Networks (NN) and Deep Learning (DL) are responsible for Al to attain such an
outstanding advancement (Norvig, 2002). The Availability of data related to food and edible products made
researchers explore the field of food with Al lenses (Kagaya et al., 2014).

Thus, another application of Al in agriculture will help farmers obtain the information they need in the right way.
For example, language-translation Al can deliver to farmworkers the information they want in the language that
works best for them, such as helping deliver agricultural advice to farmers working in areas where people speak
different languages. Such capabilities could significantly improve the spread of good agricultural advice, leading to
improved agricultural practices more widely. Chat-bots, where an interacting agent is simply a machine, could also
help farmers receive the information they need (Kannagi et al., 2018). Furthermore, Al will provide more and better
information about a situation on the farm to enable the farmer to look at it, think and decide on management actions.
Close or exact analogs are being realised in much of the precision-agriculture applications already being deployed on
farms, such as animal-activity trackers (Vadlamudi, 2018) and high-resolution field maps (Vasisht et al., 2017).

Also, a primary recent agricultural application of Al has involved data capture through devices such as movement
sensors on, or even in, farm animals, to enable reporting of their behaviours, health and condition farm sensors’
(Rutten et., 2013)). One of the earliest examples is pedometers to detect oestrus in cows (Galon, 2010)which can both
reduce manual labour of having to observe oestrus onset but also can improve the chances of obtaining the specific
sex of calf desired by better timing of insemination. Artificial intelligence is also being used to improve information
extraction from satellite and aerial imagery (Sirosh, 2018). Al is already having impacts in agriculture through
improving robotics and mechanisation (Duckett et al., 2018). However, Sustainable agricultural technology for
Nigeria is essential for the country’s effort at achieving food security (Ladebo, 2004). Thus, boosting agricultural
productivity has been an issue of paramount importance to development institutions across the globe and in order to
achieve this, the use of technological improvements have played a key role (Maertens and Barrett, 2013). Agricultural
innovations also play a significant role in fighting poverty, lowering per-unit production costs (Kassie et al., 2011),
boosting rural incomes and reducing hunger (Maertens and Barrett, 2013).

METHODOLOGY

This study uses content analysis to determine how Artificial Intelligence improves agricultural productivity and
sustainability. However, all materials, methods, and objectives of this study, including the software tools used, will
be listed and explained.

Data Gathering Method

The tooland procedure for collecting data for this study are secondary data. Secondary data was used for
convenience and completeness and was accessible to provide a basis for comparison.
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Research Instrument

This study was analyzed using the Centering text analysis tool. Centering Resonance Analysis (CRA) is an approach
with text analysis that utilizes the centering theory premises (Corman et al.,2002). Thus, CRA analyzes the text by
developing word networks of the main concepts, influence, and relationship (McLaren et al., 2007). Hence, a complex
content analysis approach is Centering Resonance Analysis (CRA) (Corman et al., 2002).

However, CRA analyzes terms and phrases in a significant way in order to form a network and illustrate their
influence and their relationship (Corman et al., 2002; McPhee et al., 2002). Hence, words in the text are more
influential if it draws other words together in a text network, reflecting some meaning (Canary and Jennings, 2008).

Furthermore, several types of content analysis are available for applying to the text of several job postings. Thus, the
approach appropriate for this scenario is a particular form of content analysis called Centering Resonance Analysis
(CRA). CRA is a method of analyzing a computerized text, where the text is depicted as a network. CRA is based on
the Centering Principle, which states that, by concentrating their comments on discussion centers, capable authors or
speakers produce locally coherent statements. To recognize centers (noun phrases) in text and connect the word part
(tokens) to a network, it uses natural language processing (Rossetti et al., 2011). Although other similar methods use
the word co-occurrence in the visualization window of a given software to identify these units, CRA unites and links
words based on linguistic theory, which considers how the texts are produced. Therefore, the CRA is based on a
systematic behavioral perspective (Freitas et al.,2018). According to Corman et al. (2002), Crawdad is a useful tool to
determine CRA. Crawdad provides enhanced information retrieval, network visualization, and secondary analysis,
surpassing earlier text analysis tools. (Lee & James, 2007). Thus, Crawdad has been used in various scholarly and
research journals and reports (Corman et al., 2002; Dooley, Corman, McPhee, & Khun, 2003; Lichtenstein, Dooley, &
Lumpkin, 2006; McPhee et al., 2002). Hence, the acceptance of Crawdad and CRA into various academic fields and
renowned journals has increased (Tate, Ellram, & Kirchoff, 2010).

Furthermore, Crawdad Desktop 2.0 was used for this study, consistent with other research (Augustin-Behravesh,
and Dooley, 2018). Thus, Crawdad highlights the presence, influence, and resonance of codewords (Corman and
Dooley, 2006) and creates network maps of the words for every sampled article. Influence values between 0 and 1 are
assigned to words based on the principles of CRA, as explained above. An influence value of 0.01 is considered to be
important, while a value above 0.05 is considered to be very important ( Tate, Ellram., and Kirchoff, 2010)

Data Analysis

Data analysis is a process of inspecting, cleansing, transforming, and modeling data to highlight useful information
suggesting conclusions and supporting decision making. This study divided the analysis into two parts because
there are many different words in the four geographical regions. The Crawdad parameters were set to identify the
250 most influential words common across the four geographical regions. Articles were converted into readable texts
and repetitive terms were eliminated to avoid ambiguity whenever possible (Tate et al., 2010). Thus, each word file
was converted into a CRA File, and then a Network Map and influential words were generated from it by using
Visualizer.

However, the second analysis revealed what words were important in the training data sample. To measure the
similarity and differences in the influential words across the four regions, we calculated the average influence score
of the words with greater than or equal to a 0.1 influence (Rossetti and Dooley, 2010) for the four data samples. To
prevent biases due to a word with a higher impact value but a lower appearance in texts, we limited the study to the
terms that appeared in at least 20 papers (Rossetti and Dooley, 2010). Next, through the four data sets, we searched
for identical terms. Agriculture, for instance, appeared in all four data sets and had an effect value above 0.1. As an
indicator of random variation, the variance of a word's impact value across the texts within a dataset was used. We
then ran an ANOVA to test whether a word's average impact on the dataset was different. Continuing with the
previous example, the results of ANOVA for agriculture showed that the average impact of agriculture across the
four data sets was significantly different. We ran t-tests to assess where the significant difference was, if significant
(p<0.05). Across the four data sets on which we ran ANOVA, we found 52 identical or related terms.

RESuLTS

Table 1 showed the Analysis of 52 commonly used and most essential words revealed 23 words, which differed
across four regions. The word agriculture had a higher influence score (0.080) in the African context, followed by Asia
(0.063), North America (0.028) and Europe (0.026). Table 3 showed the t-tests for the word agriculture and suggested
significant differences between the four different regions. The word agriculture is more prominent in the trade press
from Asia than Europe, given Asia is a developing and agricultural-centric economy. Hence the focus is on ensuring
sustainability by protecting traditional occupation and protecting the agricultural sector.
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Thus, the word precision had more influence value in the context of Europe (0.056) as compared to Asia (0.014) and
North America (0.011), hence suggest a more active use of precision agriculture in Europe. In Asia, as compared to
other regions, Al provides a platform for researching (0.041) and finding solutions (0.028) to the problems in
agriculture. However, all the influence scores for each word per region are not provided due to space limitations.

Vadlamudi: How Artificial Intelligence Improves Agricultural Productivity and Sustainability: A Global Thematic Analysis

Thus, this study provides how influential words in each region uses Al in agriculture.

Table 1: Top Influential and Similar Words

across the four
data sets

The 52 most | agriculture, agricultural, ai, application, area, big, business, company, crop, data,
influential ~and | development, event, farm, farmer, farming, field, food, global, good, government, industry,
similar words | information, innovation, land, machine, market, new, platform, precision, product,

production, project, report, research, robot, sector, sensor, soil, software, solution, state, start-
up, system, technology, time, tractor, university, vegetable, water, way, world, year

Significant 23
words per region

North America

event, farming, new, precision, robot, soil, system, tractor

Europe ai, big, business, data, startup, time, way, world
Asia platform, report
Africa agriculture, state, solution, research, vegetable

Thus, Compared to the other three regions, in Europe, Al has emerged as a highly effective term, indicating that Al
applications in Europe are more pronounced, creating a variety of forms for expansion and agriculture transition.
Higher size and data value affect the use of data-intensive methods and data to create value in agricultural activities.
Such techniques minimize repetitive activities, which allow farmers to spend their time on their business as a whole.
Hence, this correlates to the growth in Europe contexts of a start-up that exercises considerable influence. Al-based
and business-context data applications provide a fertile basis for the growth of agro-tech start-ups. The values of the
word robots and land influence were strong in the North -American context, as opposed to European. Thus, this will
mean a more robust implementation of Al To increase productivity and profitability, North-American farms deploy
robots to make farming productive and cost-effective, with attention to monitoring soil conditions through ML
applications. As a modern form of sustainable farming, precision farming is gaining popularity. Besides, various
events to promote new Al-enriched products, such as automated tractors and robots, are being organized by
suppliers.

Unlike Europe and North America, Al in emerging economies is at an early stage, i.e., Africa and Asia. Influential
keywords in these regions imply that research activities that support Al and agriculture knowledge and growth are
more prevalent in Africa. The findings point to the growing deployment of Al to solve major agricultural problems
such as low production and crop losses in the Africa context. Al is seen as a forum for achieving economic goals in
agricultural research in the Asian context. Studies are underway reporting on the need and value of the
implementation of Al in the Asian agricultural sector.

Table 2: Statistical tests of the influence of agriculture across the four data sets ANOVA value

Cases Homogeneity Sum Of DF Mean F P n?
Correction Squares Square
Id None 0.140 3.000 0.047 7.691 <.001 0.023
Id Brown-Forsythe 0.140 3.000 0.047 8354 <001  0.023
Id Welch 0.140 3.000 0.047 7604 <001  0.023
Residual None 5.967 986.000 0.006
Residual Brown-Forsythe 5.967 414.041 0.014
Residual Welch 5.967 221.116 0.027
Table 3: Post-HocComparison-ID
Countries  Mean Difference SE T P

1 2 0.013 0.012  1.790  0.265

3 0.053 0.012 3.746  <.001

4 0.041 0.014 2781  0.026
2 3 0.013 0.008 3.756  <.001

4 0.013 0.009 1.794  0.263
3 4 -0.008 0.009 -1.118  0.665

1* Africa, 2* Asia, 3* Europe, 4*North America
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CONCLUSION

This study analyzed how AI improves agricultural productivity and sustainability using the Centering Resonance
Analysis, t-test and ANOVA. The results of this study help to shed more light on how understanding the application
of Al to the agriculture sector can address the sustainability challenges in agriculture and help inform Al solutions in
other similar sectors. However, agriculture is essential in ensuring global food security and therefore ensuring food
security and sustainability Al can create modern ways to address environmental and food security challenges. The
study, therefore, recommends that the emphasis should be placed on developing Al applications in agriculture in
order to address agricultural issues such as the productivity of farmers and also to address some of the serious
environmental challenges needed to ensure sustainability. Efforts should also be made to further research on
adopting the Al application in Agriculture by major stakeholders through primary data. Primary data can better
determine farmers' productivity and food sustainability.
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