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The integration of Internet of Things (IoT) technology into the agriculture 
sector has the potential to transform farming practices and enhance 
agricultural productivity. Nowadays, the widespread adoption of IoT in 
agriculture is absent. The purpose of this study was to investigate the 
barriers to the adoption of IoT technology in the agricultural sector. 
Through literature review, KII, and expert opinions, 25 potential barriers 
were identified, and out of these, 11 key barriers were selected for further 
analysis. Besides that, 15 FGDs with farmers and 150 individual interviews 
were conducted. The Delphi method was employed for data collection, and 
the Decision-Making Trial and Evaluation Laboratory (DEMATEL) 
technique was used to evaluate these barriers. The identified barriers 
include high investment requirements, lack of skills and aptitude, 
resistance to change, limited awareness among policymakers, inadequate 
digital communication infrastructure, absence of a regulatory framework, 
lack of a cohesive digital strategy, insufficient IoT training, gaps in 
knowledge management and data literacy, irregular maintenance and 
support, and limited understanding of IoT benefits. The study identifies the 
key factors by analyzing underlying interrelationships that influence the 
decision to adopt IoT in agriculture. The analysis revealed that resistance 
to change has the most significant negative impact on adoption, with a 
score of 1.13, while IoT training has the least negative impact, with a score 
of 0.39. The main barriers are high investment costs, a lack of training, and 
a clear understanding of IoT benefits, which are affecting adoption. These 
findings highlight the importance of addressing financial constraints, 
providing education and training, and increasing awareness among 
stakeholders to overcome key barriers and promote the adoption of IoT 
solutions for advanced agricultural practices. 
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1. Introduction 

Bangladesh's economy heavily relies on its agricultural sector, which provides employment for a large 
portion of its workforce and makes a significant contribution to the country's GDP. Nevertheless, this 
sector is confronted with various obstacles, such as climate change, limited resources, and the necessity 
to boost productivity to satisfy the needs of an expanding population (Naseer et al., 2024). In this 
scenario, the implementation of Internet of Things (IoT) technology offers a revolutionary opportunity 
to upgrade farming methods, boost efficiency, and guarantee sustainable food production (Maldonado et 
al., 2024). By enabling real-time monitoring and data-driven decision-making, IoT technology allows 
farmers to maximize resource utilization, enhance crop management, and respond proactively to 
environmental shifts (Symeonaki et al., 2019). The adoption of IoT technology in agriculture in 
Bangladesh is still in its infancy. Various barriers hinder the widespread implementation of these 
technologies, including infrastructural limitations, lack of technical knowledge, financial constraints, and 
socio-cultural factors (Bissadu et al., 2024; Effah et al., 2023). Understanding these barriers is crucial for 
developing strategies to facilitate the integration of IoT in the agricultural sector, thereby enhancing 
productivity and sustainability (Choubey and Divya, 2024; Eskandari et al., 2020). This study aims to 
investigate the barriers to IoT technology adoption in agriculture within the context of Bangladesh. By 
examining the existing literature and conducting a systematic review, this study will identify the key 
challenges faced by farmers and stakeholders in adopting IoT solutions. The findings will provide insights 
into the necessary interventions and policy recommendations to promote the effective use of IoT 
technology in the agricultural sector, contributing to food security and economic development in 
Bangladesh (Sugandh et al., 2023). The Internet of Things (IoT) refers to the network of interconnected 
devices that communicate and exchange data over the internet. In agriculture, IoT technology 
encompasses a range of applications, including precision farming, smart irrigation, livestock monitoring, 
and supply chain management (Maraveas and Bartzanas, 2021). By leveraging IoT devices such as 
sensors, drones, and automated machinery, farmers can collect and analyze data on soil conditions, 
weather patterns, crop health, and resource usage (Tegegne et al., 2019). This data-driven approach 
enables farmers to make informed decisions, optimize inputs, and increase overall productivity 
(Assimakopoulos et al., 2024; Dilrukshi et al., 2021). Smart irrigation systems powered by IoT technology 
can monitor soil moisture levels and weather forecasts to determine the optimal timing and amount of 
water needed for crops (Patel et al., 2023). This not only conserves water resources but also improves 
crop yields by ensuring that plants receive the right amount of moisture at the right time (Assante et al., 
2018; Yin et al., 2023). IoT-enabled sensors can track livestock health and behavior, allowing farmers to 
detect issues early and improve animal welfare (Din et al., 2021). Despite the promising potential of IoT 
technology in agriculture, several barriers impede its adoption in Bangladesh. These barriers could be 
categorized into technological, economic, social, and institutional factors (Strong et al., 2022). One of the 
primary technological barriers to IoT adoption in agriculture is the lack of reliable internet connectivity 
in rural areas (Anbumozhi and A, 2023). Many farmers operate in remote locations where access to high-
speed internet is limited or non-existent, making it challenging to implement IoT solutions that rely on 
real-time data transmission (Akella et al., 2023). The high cost of IoT devices and infrastructure can be 
prohibitive for smallholder farmers, who may lack the financial resources to invest in such technologies 
(Charan et al., 2023; Evwiekpaefe and Amrevuawho, 2023). 

The integration of IoT systems with existing agricultural practices can be complex and requires a certain 
level of technical expertise (Almahmoud and Attar, 2023). Farmers may face difficulties in understanding 
how to operate and maintain IoT devices, leading to underutilization or abandonment of the technology 
(Aborujilah et al., 2023). Economic factors play a significant role in hindering IoT adoption in agriculture. 
The initial investment required for IoT technology can be substantial, and many farmers may not have 
access to credit or financing options to support such investments (Chai et al., 2023; Thilakarathne et al., 
2023). The perceived risk associated with adopting new technologies can deter farmers from making the 
necessary financial commitments (Fathy and Ali, 2023). The lack of clear economic incentives for 
adopting IoT technology can limit its appeal. Farmers may be uncertain about the return on investment 
(ROI) associated with IoT solutions, particularly if they do not have access to reliable data on the potential 
benefits (Dubey and Chahar, 2023). Social and cultural factors can influence the adoption of IoT 
technology in agriculture. In many rural communities, traditional farming practices are deeply ingrained, 
and there may be resistance to change among farmers (Alenizi, 2022). This resistance can stem from a 
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lack of awareness about the benefits of IoT technology or skepticism regarding its effectiveness 
(Alghamdi et al., 2023). 

The digital divide between urban and rural populations can exacerbate the challenges associated with 
IoT adoption. Farmers in rural areas may have limited access to education and training opportunities, 
making it difficult for them to acquire the necessary skills to utilize IoT technology effectively (Bouali et 
al., 2022). Institutional factors, including government policies and support systems, can significantly 
affect the adoption of IoT technology in agriculture. Bangladesh may lack supportive policies and 
regulations promoting IoT use in the agricultural sector (Gyawali et al., 2023). Inadequate extension 
services and support from agricultural institutions can hinder farmers' ability to access information and 
resources related to IoT technology (Rayhan et al., 2023). The absence of a coordinated approach among 
stakeholders, including government agencies, NGOs, and private sector actors, can impede the 
development of an environment conducive to IoT adoption (Ahsan et al., 2022). Collaborative efforts are 
essential to address the barriers and create a supportive ecosystem for the integration of IoT technology 
in agriculture (Zahari et al., 2024). The challenges faced by farmers and stakeholders, policymakers, and 
agricultural institutions can develop targeted interventions and support systems to promote the effective 
use of IoT technology in the agricultural sector. This will not only benefit farmers but also contribute to 
the overall economic development of Bangladesh, ensuring a more resilient and sustainable agricultural 
future. 

 

2. Methodology 

This study, conducted between March 2023 and July 2023, aimed to investigate barriers to IoT adoption 
in the agriculture sector across various districts in Bangladesh. The research involved 15 Focus Group 
Discussions (FGDs) with farmers and 150 individual interviews. The FGDs and interviews were 
conducted in Sara Bangla Krishak Society Farmers across multiple upazilas: Pirgonj, Mithapukur, 
Badargonj, and Pirgacha (Rangpur district); Manda (Naogaon district); Ullapara (Sirajganj district); 
Madhupur (Tangail district); Wazirpur and Muladi (Barishal district); Nalchity (Jhalokati district); Dumki 
(Patuakhali district); and Patharghata (Barguna district). 

Following desk research and farmer interviews, 7 Key Informant Interviews (KIIs) with agricultural 
experts and policymakers were conducted. These interviews, combined with a review of existing 
literature, helped identify and refine the barriers. The Delphi method was employed to validate the 
findings, and the Decision-Making Trial and Evaluation Laboratory (DEMATEL) technique was used to 
analyze the interrelationships and influences among the identified barriers (Taqi et al., 2023). 



 

 
 

 
Figure 01. Graphical presentation of methodology 

Figure 01 illustrates the research framework used in this study and shows how these two complementary 

techniques were structurally integrated. By combining the advantages of the DEMATEL and Delphi 

techniques, this collaborative strategy attempts to increase the overall efficacy of barrier analysis. 

2.1 Delphi Methodologies 

To validate the research-identified barriers drawn from diverse literature and geographic contexts, the 

Delphi technique was utilized. This iterative method, known for synthesizing expert perspectives and 

producing robust findings, provided a structured approach to the study (Debnath et al., 2023). The three-

stage Delphi process began with an extensive literature review to establish a foundational list of barriers, 

serving as the basis for expert assessments (Taqi et al., 2023). A panel of 7 experts, selected through 

purposive sampling, was engaged to validate, refine, and critique the identified barriers. These experts, 

chosen for their substantial industrial or research experience, comprehensive IoT knowledge, and 

understanding of human factors in technology adoption, brought over a decade of hands-on experience 

(Figure 02).   
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Figure 02. Steps of the three-stage Delphi technique 

In addition to expert input, discussions were held with 15 Producer Organization Farmers Groups under 

the Sara Bangla Krishak Society (SBKS). These interactions, including lead farmers and focus group 

discussions, aimed to digitally empower farmers and identify the barriers they faced in implementing IoT 

technologies. This grassroots engagement bridged the gap between academic research and on-the-

ground realities, providing valuable insights into the challenges of IoT adoption in agriculture. 

2.2 DEMATEL Method  

Analyzing Barriers in practical settings can be challenging due to the complex interconnections among 

them. Modern multi-criteria decision-making (MCDM) approaches, such as the Analytical Hierarchy 

Process (AHP), Interpretive Structural Modeling (ISM), and the Decision-Making Trial and Evaluation 

Laboratory (DEMATEL), are critical for thorough barrier assessment. Among these, DEMATEL has 

emerged as a powerful tool for evaluating interconnected factors, particularly in studies focused on the 

efficient implementation of information systems (Wu et al., 2013). Unlike ISM, which offers structural 

insights but lacks the capacity for detailed impact analysis, DEMATEL provides a unique ability to classify 

elements into causal and receiver groups, recognizing their interdependencies (Wu and Lin, 2008). It has 

proven effective even with small expert panels, as demonstrated in studies involving three experts (Bai 

and Sarkis, 2013), four experts (Xia et al., 2015), and 19 experts (Li and Tzeng, 2009). Causal diagrams, a 

key feature of DEMATEL, understanding by illustrating contextual relationships and the magnitude of 

effects between system components, offering clarity and actionable solutions in complex scenarios. 

Further details on the DEMATEL methodology are provided in subsequent sections.  

 2.2.1 Constructing the direct relationship matrix 

To construct the direct-relationship matrix (Eq. (1)), first identify the barriers in the system as B = {B1, 

B2, B3… Bn}, where nnn is the total number of barriers. Next, use tij to quantify the influence of Barrier Bi 

on Barrier Bj. Values for tij can be derived from expert input, surveys, or data analysis, ensuring diagonal 

elements (tii) are zero, as barriers cannot directly affect themselves. The resulting n×n matrix A captures 

these relationships, offering insights into interdependencies and supporting effective decision-making 

(Salman et al., 2024).  

 

Step 1
• Selection of factors through a structured literature review 

Step 2
• Selection of experts from different but relevant fields 

Step 3

• Delphi round I: Focused discussion on the selected factors 

Step 4

• Delphi round 2: Refinement of the contributing factors and 
elimination of irrelevant factors 

Step 5

• Delphi round 3: Consolidation, review and validation of the 
factors 



 

 
 

          𝐵1                    𝐵2        …       𝐵𝑛−1            𝐵𝑛 

A= 

𝐵1

𝐵2

⋮
𝐵𝑛−1

𝐵𝑛 [
 
 
 
 

0                 𝐵12           …         𝐵1(𝑛−1)    𝐵1𝑛

 𝐵21                 0            …         𝐵2(𝑛−1)    𝐵2𝑛

                  ⋮                  ⋮             ⋱                  ⋮               ⋮              
𝐵(𝑛−1)1       𝐵(𝑛−1)2         …             0           𝐵(𝑛−1)𝑛

𝐵𝑛1                𝐵𝑛2        …      𝑐𝑛(𝑛−1)           0 ]
 
 
 
 

     (1) 

 

2.2.2 Normalizing the initial influencing matrix (N) 

An individual direct-relation matrix A is calculated for each expert, forming the basis for the normalized 

matrix N (Chiu et al., 2006; Kaur et al., 2018). Normalization ensures all values range between 0 and 1, 

reflecting influence strength. The transformation is represented by M = K. A, where M is the normalized 

matrix, and K is the scaling factor (Eq. (2) and Eq. (3)). 

N = K.A             (2) 

K = min{
1

𝑀𝑎𝑥1≤𝑖≤𝑛∑ |𝑏𝑖𝑗|
𝑛
𝑗=1

  ,
1

𝑀𝑎𝑥1≤𝑗≤𝑛∑ |𝑏𝑖𝑗|
𝑛
𝑖=1

}                               (3) 

in which i, j ∈ 1,2,. . ..(n-1),n},n denotes the number of the barriers, respectively. 

2.2.3 The calculation of the total relationship matrix (T) 

Following the establishment of the normalized direct-relation matrix (N), we employ Eq. (4) to derive the 

total-relation matrix (T). It's worth noting that the identity matrix is represented by the symbol 'I,' as 

referenced in works by (Chiu et al., 2006; Kaur et al., 2018). 

T = N + N2 + N3+⋯ = ∑ Ni=N.(1-N)-1∞
i                                                    (4) 

2.2.4 Create groups for the dispatcher and receiver  

To classify barriers as dispatchers or receivers, Eq. (5) and Eq. (6) utilize parameters R+C and R−C, where 

R is the row sum, and C is the column sum of matrix T (Kaur et al., 2018; Shao et al., 2016). Dispatchers, 

with high R+C values, exert greater influence and are prioritized, and with negative R−C values, are more 

affected by external impacts and hold lower priority. High R+C values indicate strong connections, 

whereas lower R−C values suggest weaker system integration (Shao et al., 2016). 

T = [tij]n*n,            (5) 

 

i , j ∈ {1,2,3,. … (n-1, n}, ‘n’ denotes the quantity of barriers in the work. 

          𝐵1                    𝐵2        …       𝐵𝑛−1            𝐵𝑛 

T= 

B1

B2

⋮
Bn-1

Bn [
 
 
 
 

0                 t12          …         t1(n-1)    t1n

 t21                 0            …         t2(n-1)    t2n

                  ⋮                  ⋮            ⋱                 ⋮               ⋮              
t(n-1)1       t(n-1)2        …             0           t(n-1)n

tn1                tn2       …      tn(n-1)           0 ]
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2.2.5 Determine the threshold value, get the causality map, and order the barriers 

To analyze and prioritize obstacles, the decision-maker must set an influence threshold using methods 

such as expert consultation (Shen et al., 2011), matrix averaging (Awasthi and Grzybowska, 2014), 

standard deviation (Shao et al., 2016), double standard deviation (Zhu et al., 2014), or the entropy 

algorithm (Chung-Wei and Gwo-Hshiung, 2009). Setting this threshold enables the creation of a causality 

map for better barrier analysis and prioritization. 

The threshold was determined by computing the average of the elements within the total-relation matrix 

T, as expressed in Eq. (7): 

T = 
1

𝑛2
∑ ∑ 𝑡𝑖𝑗

𝑛
𝑗=1

𝑛
𝑖=1           (7) 

Once the threshold is established, elements in the total-relation matrix T with influence levels above the 

threshold are transformed into a causality map, or impact digraph. By plotting (R+C) on the horizontal 

axis and (R-C) on the vertical axis (Shao et al., 2016), we create a visual representation of the relationships 

between the barriers. 

In this study, the barriers are based on their "degree of prominence" among themselves, which is 

calculated using Eq. (8): 

r(Bk) = order {Bk} (Ri+Ci)         (8) 

k ∈ {1,2,3. …. (n-1), n}’’ n’’ denoted the number of barriers. 

We can order the obstacles according to the "degree of relationship" between 

them, as shown by Eq. (9), or the absolute value of (Ri-Ci). 

r(Bk) = order {Bk}(Ri-Ci)         (9) 

k ∈ {1,2,3. …. (n-1), n}’’ n’’ denoted the number of barriers. Flow diagram of the DEMATEL MCDM method 

shown in figure 03.  



 

 
 

 

Figure 03. Flow diagram of the DEMATEL MCDM method 

The main advantage of this study is that it involves grassroots participation in a study that spans various 

agricultural regions in Bangladesh, which, when coupled with the strong framework of the Delphi-

DEMATEL framework, helps in closing the gap between theoretical research and that on the ground. 
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3. Results 

The respondent number of farmers were 150. The farmers were chosen from different areas of 

Bangladesh, such as Rangpur, Naogaon, Barishal, and Patuakhali, and there was a variety of different 

landholding sizes and age ranges. As indicated in Table 01, a large percentage of respondents comprises 

smallholder farmers with different levels of formal education.  

Table 01. Demographic Profile of the Surveyed Farmers (N=150) 

Demographic Variable Category Frequency (n) Percentage (%) 

Age 18 – 30 years 22 14.7 

 
31 – 45 years 53 35.3 

 
46 – 60 years 45 30.0 

 
> 60 years 30 20.0 

Farm size (Aere) < 1.0 (Marginal) 60 40.0 

 
1.0 – 2.5 (Small) 55 36.7 

 
2.6 – 5.0 (Medium) 25 16.6 

 
> 5.0 (Large) 10 6.7 

Education No formal education 18 12.0 

 
Primary (Class 1–5) 65 43.3 

 
Secondary (Class 6–10) 47 31.3 

 
Higher Secondary & 

Above 

20 13.4 

 

The research presented here identifies the top 11 barriers from 25 barriers facing the agriculture sector 

in adopting the practices of IoT. The DEMATEL approach was employed for the analysis of the 

interrelationships between the major barriers and to identify the barriers that arise as a direct result of 

those barriers (Table 02). 

 

 

 

 

 

 

 



 

 
 

Table 02. List of the barriers developed  

SL Barrier Short Description References Selection 

1 High Initial Investment  
Financial barriers to IoT 

implementation. 
Silva et al., 2023 

  

2 
Inadequate Knowledge 

Management  

Lack of skills for data 

interpretation. 

Khan et al., 2021; Khan 

et al., 2023   

3 Resistance to Change  
Traditional practices resist 

IoT adoption. 

Pillai and Sivathanu, 

2020   

4 
Lack of Digital 

Communication  
Limited rural internet access. Experts and farmers 

  

5 
Lack of Skills and 

Training   

Insufficient training for IoT 

usage. 
Khan et al., 2023 

  

6 
Motivation and 

Incentives 

Absence of clear benefits for 

adoption. 

Greiner and Gregg, 

2011   

7 Organizational Culture Resistance within institutions. Experts and farmers 
  

8 IoT Training Programs  
Shortage of IoT education 

programs. 
Rayes and Salam, 2022 

  

9 Stakeholder Awareness  
Limited awareness of IoT 

benefits. 
Kumar et al., 2021 

  

10 
Clear Comprehension of 

IoT Benefits  

Lack of understanding of IoT 

advantages. 
Khan et al., 2023 

  

11 
Inadequate 

Standardization 

Lack of industry-wide IoT 

standards. 
Experts 

  

12 
Lack of Regulatory 

Framework  

Absence of clear IoT 

regulations. 
Kumar et al., 2022 

  

13 Lack of Digital Strategy  
Absence of a defined digital 

plan. 
Kumar et al., 2021 

  

14 
Data Privacy and 

Security Concerns 

Concerns about data 

protection. 
Brewster et al., 2017 

  

15 
Infrastructure 

Limitations 

Issues related to power and 

networks. 
Experts and farmers 

  

16 
Smallholder Farmer 

Challenges 

Constraints faced by small-

scale farmers. 
Experts and farmers 
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SL Barrier Short Description References Selection 

17 Limited Scalability 
Challenges in scaling IoT 

solutions. 
Experts  

  

18 Interoperability Issues 
Compatibility problems with 

IoT devices. 
Kalatzis et al., 2019 

  

19 
Complex Data 

Management 

Difficulty in managing large 

IoT data. 
Kasemi et al., 2022 

  

20 ROI Uncertainty 
Uncertainty regarding IoT's 

return on investment. 

Srinivasan and Yadav, 

2023   

21 Energy Efficiency 
Concerns about IoT device 

power consumption. 
Experts and farmers 

  

22 Access to IoT Providers 
Limited access to IoT solution 

providers. 
Experts and farmers 

  

23 
Lack of Technical 

Support  

Insufficient support for IoT 

device issues. 
Experts and farmers 

  

24 
Dependency on 

Technology 

Risks associated with over-

reliance on IoT. 
Experts and farmers 

  

25 
Education and Training 

Gaps  

Bridging the IoT education 

and training gap. 
Experts and farmers 

  

The subsequent stage delved deeper into cognitive and human psychological aspects, leading to the selection of 11 

key behavioral factors as detailed in Table 03. Of these 11, 7 factors were drawn directly from existing literature, 

the remaining 4 were astutely contributed by the experts and farmers. 

Table 03. List of the barriers developed from the experts’ input  

SL Barrier References Short Description 

B1  High-level Investment Literature To build IoT infrastructure, organizations must 

spend a large amount of money on capital. 

B2  Lack of Skills and aptitude Literature Required skills of the employees to adopt IoT 

technologies 

B3  Resistance to Change   Literature The leadership nature and approach of top 

management and middle-level managers 

implementing IoT. 

B4  Policymaker awareness of 

IoT 

Experts and 

farmers 

Limited awareness of IoT benefits. 

B5  Lack of Digital 

Communication 

Literature Strong and seamless communication between all 

layers of managerial and non-managerial 

employees. 



 

 
 

B6  Lack of Regulatory 

Framework 

Literature IT security, cybersecurity, human machine 

interaction and integration, and human resources 

laws are becoming more and more important for 

organizations, which means they need to have 

stricter internal rules, codes of conduct, and 

overall procedures 

B7  Lack of Digital Strategy Experts and 

farmers 

Digital strategies that consider both the vertical 

and horizontal parts of the value chain are 

becoming more and more important to create and 

use. 

B8  IoT training Literature Training programs to develop the expertise in IoT 

technologies 

B9  Inadequate knowledge 

management and data 

knowledge 

Literature Requirement for far more resilient knowledge 

management solutions is driven by the 

inadequacy of the present systems to process 

data in real-time. 

B10  Lack of Regular 

maintenance and Support 

Experts Subjected To regular supervision and 

maintenance. 

B11  Lack of clear 

comprehension about IoT 

benefits 

Experts and 

farmers 

Technically, IoT devices should result in potential 

financial advantages for businesses once 

completely integrated 

The average matrix is the average of all seven matrices of the expert’s opinion described above. The 

calculation can be done in MS Excel (Table 04).  

Table 04. Average matrix 

 

B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 

B1 0.000 0.571 3.286 3.714 0.429 3.857 2.571 3.143 0.857 2.857 3.286 

B2 1.714 0.000 3.857 3.143 0.000 1.286 2.857 0.143 3.714 1.714 0.143 

B3 3.571 2.714 0.000 1.857 1.857 2.714 2.429 0.143 1.429 0.571 0.143 

B4 1.571 2.571 2.143 0.000 1.429 2.286 2.143 0.286 1.571 0.286 1.429 

B5 0.000 0.857 1.286 0.571 0.000 2.143 1.857 2.571 1.571 1.857 0.000 

B6 3.571 0.429 3.714 0.143 1.714 0.000 0.714 2.714 3.714 3.143 0.143 

B7 2.714 2.143 2.143 1.286 1.429 1.857 0.000 0.000 3.429 0.429 2.857 

B8 3.143 3.571 1.429 0.571 1.143 0.571 2.571 0.000 1.286 2.714 2.714 

B9 0.143 0.571 3.571 3.143 0.571 0.143 2.714 0.429 0.000 2.714 0.286 

B10 2.286 3.143 3.143 0.143 0.857 3.857 1.857 0.000 0.429 0.000 0.143 
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B11 2.286 0.143 3.857 3.714 3.143 1.429 3.714 0.286 2.714 3.857 0.000 

The Normalized matrix from the average matrix described above. The calculation was done in MS Excel 

(Table 05). 

Table 05. Normalized matrix 

  B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 

B1 0.000 0.023 0.131 0.148 0.017 0.153 0.102 0.125 0.034 0.114 0.131 

B2 0.068 0.000 0.153 0.125 0.000 0.051 0.114 0.006 0.148 0.068 0.006 

B3 0.142 0.108 0.000 0.074 0.074 0.108 0.097 0.006 0.057 0.023 0.006 

B4 0.063 0.102 0.085 0.000 0.057 0.091 0.085 0.011 0.063 0.011 0.057 

B5 0.000 0.034 0.051 0.023 0.000 0.085 0.074 0.102 0.063 0.074 0.000 

B6 0.142 0.017 0.148 0.006 0.068 0.000 0.028 0.108 0.148 0.125 0.006 

B7 0.108 0.085 0.085 0.051 0.057 0.074 0.000 0.000 0.136 0.017 0.114 

B8 0.125 0.142 0.057 0.023 0.046 0.023 0.102 0.000 0.051 0.108 0.108 

B9 0.006 0.023 0.142 0.125 0.023 0.006 0.108 0.017 0.000 0.108 0.011 

B10 0.091 0.125 0.125 0.006 0.034 0.153 0.074 0.000 0.017 0.000 0.006 

B11 0.091 0.006 0.153 0.148 0.125 0.057 0.148 0.011 0.108 0.153 0.000 

 

The Direct relationship matrix from the average matrix described above. The calculation was done in MS 

Excel (Table 06). 

Table 06. Direct relationship matrix 

  B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 

B1 0.000 0.023 0.131 0.148 0.017 0.153 0.102 0.125 0.034 0.114 0.131 

B2 0.068 0.000 0.153 0.125 0.000 0.051 0.114 0.006 0.148 0.068 0.006 

B3 0.142 0.108 0.000 0.074 0.074 0.108 0.097 0.006 0.057 0.023 0.006 

B4 0.063 0.102 0.085 0.000 0.057 0.091 0.085 0.011 0.063 0.011 0.057 

B5 0.000 0.034 0.051 0.023 0.000 0.085 0.074 0.102 0.063 0.074 0.000 

B6 0.142 0.017 0.148 0.006 0.068 0.000 0.028 0.108 0.148 0.125 0.006 

B7 0.108 0.085 0.085 0.051 0.057 0.074 0.000 0.000 0.136 0.017 0.114 

B8 0.125 0.142 0.057 0.023 0.046 0.023 0.102 0.000 0.051 0.108 0.108 



 

 
 

  B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 

B9 0.006 0.023 0.142 0.125 0.023 0.006 0.108 0.017 0.000 0.108 0.011 

B10 0.091 0.125 0.125 0.006 0.034 0.153 0.074 0.000 0.017 0.000 0.006 

B11 0.091 0.006 0.153 0.148 0.125 0.057 0.148 0.011 0.108 0.153 0.000 

 

Using the DEMATEL method in R, the direct-relation matrix was normalized (Step 2), and the total-

relation matrix was calculated (Step 3), excluding an initial crucial link to identify key connections. The 

threshold value (α=0.1645289) was determined to distinguish major barriers, disregarding those below 

this value (Steps 4 and 5) (Table 07). 

Table 07. Causal relations 

Barriers ci ri c+r  c-r 

B1 2.453676 2.1176194 4.571295   0.336056515 

B2 1.779546  1.6720821 3.451628   0.107463944 

B3 1.740166 2.7655110 4.505677 -1.025345404 

B4 1.568542  1.8208603 3.389402 -0.252318451 

B5 1.239258 1.2420909 2.481349 -0.002833019 

B6 1.953043  2.0618273 4.014870 -0.108784740 

B7 1.830402 2.2395139 4.069916 -0.409111719 

B8 2.003430 0.9675037 2.970934   1.035926287 

B9 1.359612 2.0365744  3.396187 -0.676961949 

B10 1.606446 1.8761369 3.482583 -0.269691289 

B11 2.373878 1.1082777 3.482155   1.265599825 

 

3.1 Total influences 

A higher total influence value indicates that a criterion has a more substantial influence on the entire 

system (Figure 04). 
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Figure 04. Total Influences for criteria 

3.2 Total dependent 

The calculated total dependents for each criterion (B1, B2, ... B11) provide valuable insights into the 

extent to which each criterion relies on others within the context of a complex decision-making or 

analysis process. These values quantify the interdependencies and reveal the varying degrees of 

dependence among the criteria (Table 08). 

Table 08. Total Dependency  

 Barriers  Degrees of dependence 

B1 3.8180702569285345 

B2 2.294548161601184 

B3 5.094487070692141 

B4 2.465019638828656 

B5 1.2406745 

B6 3.21645835373268 

B7 3.7924217239427955 

B8 1.1478608595850899 

B9 2.7979949737521195 

B10 2.790023878465629 

B11 1.5432277799756349 



 

 
 

3.3 Influence diagram 

Influence diagrams, visual representations of relationships and dependencies between decision criteria, 

are invaluable tools in complex decision-making. Influence diagrams provide a structured way to 

visualize relationships among decision criteria, aiding in understanding, communication, and analysis. 

Nodes represent criteria (B1 to B11), with directed edges showing influence direction and strength. 

Thicker, darker edges indicate stronger impacts, where feedback loops highlight interdependencies 

(Figure 05). 

 

Figure 05. Influence diagram 

 

3.4 The cause-effect diagram 

Based on the DEMATEL analysis, provides valuable insights into the relationships between criteria 

(labeled as B1 to B11) by visualizing their influence strengths (Figure 06).  
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Figure 06. Cause effect Diagram 

3.5 Causal relations among the criteria diagrams 

The scatter plot of Ci+Ri and Ci−Ri values for criteria (B1 to B11) highlights key influence dynamics within 

the system. Isolated criteria, such as B11, exhibit high total influence (3.4821553.4821553.482155) and 

low susceptibility to external effects (1.26561.26561.2656), making them pivotal in shaping system 

behavior. Balanced criteria, like B5, occupy a central position, reflecting a harmonious balance between 

exerting their influence and responding to external impacts (Figure 07). The final causality map showed 

in Figure 08.  

 

Figure 07. Causal Relations Among the Criteria Diagrams 



 

 
 

 

Figure 08. Final Causality Map 

3.6 The interrelationship 

The interrelationship graph, derived from the interrelationship matrix, reveals the dependencies and 

strengths of relationships among criteria (B1 to B11). Edge weights represent statistical relationships, 

with higher weights indicating stronger interdependencies (Figure 09). 

 

Figure 09. Interrelationship Graph 
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4. Discussion 

The DEMATEL analysis offered a detailed causal map of the obstacles that are blocking the 
implementation of IoT in agriculture, showing that the major drivers, or Cause factors, in the system are 
B11 of Lack of clear comprehension about IoT benefits and B1 of High-level Investment. B11 has the 
largest net cause value (c-r = 1.26), which suggests that the inability to comprehend the realistic benefits 
of IoT is a root cause factor that leads to the subsequent roadblocks of resistance and absence of strategy. 
On the same note, the value of B1 (c-r = 0.33) serves to emphasize the financial intensity of the transition; 
the intense capital intensity serves as a constraint on worthiness, which induces other sacrifices. 
Interestingly, even though interest in IoT Training (B8) is rated as a weak cause factor (c-r = 0.03), it is a 
strong cause factor (c-r = 1.03). This implies that although training is a precondition (it determines others 
and is not easily determined), its effect can be structural instead of immediate, providing a baseline 
capacity, which is needed in its adoption. These three barriers (B1, B8, B11) create a cluster of 
independent influencers (Quadrant I) that should be countered in advance because these are the first 
grounds of the chain of troubles experienced by the industry. 

Conversely, the analysis establishes the most relevant "Effect" factor, which is Resistance to Change (B3), 
with the least net cause value (-1.02) and the highest total dependency score (5.09). It implies that a high 
dependency means fewer independent attitudes and more symptomatic responses to the underlying 
factors, including high costs (B1) and incomprehension of benefits (B11). The obstacle "Inadequate 
knowledge management and data knowledge" (B9) is no exception and is equally vulnerable to attack, so 
the ability to handle data is impeded in case the infrastructure and strategy supporting the provided 
ability are not in place. Moreover, the interrelationship diagram shows that there are complicated mutual 
feedback enclosures, especially between investment (B1), regulatory frameworks (B6), and training (B8). 
This clustering indicates that these factors are not de facto working in isolation, meaning that regulatory 
uncertainty can enhance the risk of investment, which consequently suffocates the resources to be used 
in training. Therefore, the results imply that the interventions aimed at reducing the effects of the 
resistance to change (B3) or lack of digital strategy (B7), without initially targeting the underlying causes 
of financial accessibility and education of stakeholders, will be unsuccessful. 

 

5. Conclusion 

These findings highlight the importance of strategic IoT transformation in agriculture. To enhance IoT 

adoption, it is crucial to identify key elements and analyze their correlations with IoT transformation. 

Few studies examine these factors comprehensively or their significance in IoT applications. Existing 

research often focuses on individual variables, such as IoT training, which has been shown to play a 

critical role in IoT transformation (Strong et al., 2022). Modern technologies like robotics, AI, and IoT are 

deeply embedded in agriculture, requiring proper training to remain competitive. A lack of skilled 

workers remains a significant barrier, as the demand for specialized IoT skills exceeds the current 

workforce's capabilities, hampering technological integration and reducing productivity (Saha et al., 

2021). Another key factor is employee motivation. Organizational leaders must bridge new technologies 

with employee needs to ensure successful adoption (Strong et al., 2022). This study identifies three 

primary barriers to IoT adoption: "High-level Investment," "IoT Training," and "Lack of Clear 

Comprehension of IoT Benefits." These barriers significantly influence decisions and often perpetuate 

reliance on traditional agricultural methods, overlooking IoT's transformative potential. Other barriers 

stem from these primary challenges, indicating their central role in impeding IoT adoption. Hence, 

policymakers are required to establish specialized financial programs, including capital subsidies and 

loans with low interest rates, so as to reduce excessive investment expenditures. Moreover, it is essential 

to initiate government-sponsored safety and awareness programs and technical training to help diminish 

the gap in technical understanding and skills. 

This study identifies the main barriers to IoT adoption in Bangladesh's agriculture sector, including high-

level investment, IoT training, and a lack of clear understanding of IoT benefits. The study has limitations, 

such as its focus on Bangladesh's agriculture sector and the exclusion of cultural and social barriers. 



 

 
 

Future research could extend this study to other industries and countries, explore cultural and social 

barriers, assess the economic and social impacts of IoT, and investigate public–private partnerships to 

support IoT adoption. Alternative multi-criteria decision-making approaches like Grey-based TISM, 

Fuzzy TISM, and Fuzzy DEMATEL could be explored in future studies. 

 

6. Limitations 

In a bid to recognize the research results, this study recognizes various limitations to take into 

consideration. To begin with, when it comes to the expert panel, a sample size of seven experts is quite 

appropriate to use the DEMATEL method, but a bigger group of experts would have provided a broader 

range of opinions and enhanced the validation of the barriers. Regarding geographic coverage, despite 

the fact that the study was conducted over a number of major districts in Bangladesh, none of the other 

important agricultural areas were included, which can limit the scalability of the study to the whole 

nation. IoT is a fast-developing area; with the process of the maturation of digital infrastructure and the 

improvement of technology, it is expected that the nature and rank of these obstacles will shift as time 

passes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

917 
 

 

References 

1. Aborujilah, A., Alashbi, A., Shayea, I., Mohamed, A. H., Alhammadi, A., El-Saleh, A. A., and Ahad, A. 
(2023). IoT Integration in Agriculture: Advantages, Challenges, and Future Perspectives: Short 
survey. International Conference on Wireless Networks and Mobile Communications, 1–7. 
https://doi.org/10.1109/WINCOM59760.2023.10322958  

2. Ahsan, M. B., Guo, L., Azam, F. M. S., Xu, B., Rayhan, S. J., Kaium, A., and Wang, W. (2022). Barriers, 
Challenges, and Requirements for ICT Usage among Sub-Assistant Agricultural Officers in 
Bangladesh: Toward Sustainability in Agriculture Sustainability.  
https://doi.org/10.3390/su15010782  

3. Akella, G. K., Wibowo, S., Grandhi, S., and Mubarak, S. (2023). A Systematic Review of Blockchain 
Technology Adoption Barriers and Enablers for Smart and Sustainable Agriculture. Big Data and 
Cognitive Computing, 7, 86. https://doi.org/10.3390/bdcc7020086  

4. Alenizi, M. (2022). impact of training for IoT technology awareness program In the Saudi Arabian 
Universities. International Journal of Educational Research and Innovation. International Journal of 
Educational Research and Innovation (2022) 2022(17) 45-58.  
https://dx.doi.org/10.46661/ijeri.4914  

5. Almahmoud and E. T. Attar, "Implementing a Smart Irrigation System using IoT Technology to 
Achieve Saudi's Green Ambition," 2023 IEEE 7th Conference on Energy Internet and Energy System 
Integration (EI2), Hangzhou, China, 2023, pp. 1432-1436.  
https://doi.org/10.1109/EI259745.2023.10513056.  

6. Alghamdi, S., Albeshri, A., and Alhusayni, A. (2023). Enabling a Secure IoT Environment Using a 
Blockchain-Based Local-Global Consensus Manager. Electronics.  
https://doi.org/10.3390/electronics12173721  

7. Anbumozhi, A., and A, S. (2023). Adoption of Novel Technologies to Boost Precision Agriculture 
(BPA) using Internet of Things (IOT). ITM Web of Conferences.  
https://doi.org/10.1051/itmconf/20235605019  

8. Assante D. et al., "Internet of Things education: Labor market training needs and national policies," 
2018 IEEE Global Engineering Education Conference (EDUCON), Santa Cruz de Tenerife, Spain, 2018, 
pp. 1846-1853, doi: https://doi.org/10.1109/EDUCON.2018.8363459  

9. Assimakopoulos, F., Vassilakis, C., Margaris, D., Kotis, K., and Spiliotopoulos, D. (2024). The 
Implementation of “Smart” Technologies in the Agricultural Sector: A Review. Inf., 15, 466.  
https://doi.org/10.3390/info15080466  

10. Awasthi, A., and Grzybowska, K. (2014). Barriers of the supply chain integration process. Logistics 
Operations, Supply Chain Management and Sustainability, 15–30. https://doi.org/10.1007/978-3-
319-07287-6_2  

11. Bai, C., & Sarkis, J. (2013). A grey-based DEMATEL model for evaluating business process 
management critical success factors. International Journal of Production Economics, 146(1), 281–
292. https://doi.org/10.1016/j.ijpe.2013.07.011  

12. K. Bissadu, G. Hossain and P. Vajpayee, "Agriculture 5.0 Cybersecurity: Monitoring Agricultural 
Cyber Threats with Digital Twin Technology," 2024 IEEE World AI IoT Congress (AIIoT), Seattle, WA, 
USA, 2024, pp. 0252-0258, doi: https://doi.org/10.1109/AIIoT61789.2024.10579017  

13. Bouali, E.-T., Abid, M., El-Boufounas, Hamed, T. A., and Benhaddou, D. (2022). Renewable Energy 
Integration Into Cloud and IoT-Based Smart Agriculture. IEEE Access, 10, 1175–1191.  
https://doi.org/10.1109/ACCESS.2021.3138160  

14. Brewster, C., Roussaki, I., Kalatzis, N., Doolin, K., and Ellis, K. (2017). IoT in agriculture: Designing a 
Europe-wide large-scale pilot. IEEE Communications Magazine, 55(9), 26–33.  
https://doi.org/10.1109/MCOM.2017.1600528  

15. Chi-Jen, Lin & Wu, Wei-Wen. (2008). A causal analytical method for group decision-making under fuzzy 

environment. Expert Systems with Applications. 34. 205-213.  

https://doi.org/10.1016/j.eswa.2006.08.012. 
16. Chai, K. H., Azizi, M. M. F., Romeli, S., and Lau, H. Y. (2023). Deployment of IoT Sensors in the 

Revolution of Agriculture. RA Journal of Applied Research. https://doi.org/10.47191/rajar/v9i6.01  
17. Charan, K. D., Subuhi, A., Archana, P., Durga, K., and Swamy, B. K. (2023). Wireless Sensors in IoT 

Based Agriculture by Using Block Chain Technology and Drones System. International Journal of 

https://dx.doi.org/10.46661/ijeri.4914


 

 
 

Scientific Research in Computer Science Engineering and Information Technology.  
https://doi.org/10.32628/CSEIT239041  

18. Chiu, C.-M., Hsu, M.-H., and Wang, E. T. (2006). Understanding knowledge sharing in virtual 
communities: An integration of social capital and social cognitive theories. Decision Support 
Systems, 42(3), 1872–1888. https://doi.org/10.1016/j.dss.2006.04.001  

19. Choubey, S., and Divya. (2024). Multi-Layer Architecture for Enhancing Crop Quality with AI and IoT: 
A Structural Modelling Approach. BIO Web of Conferences.  
https://doi.org/10.1051/bioconf/20248205013  

20. Chung-Wei, L., and Gwo-Hshiung, T. (2009). Identification of a threshold value for the DEMATEL 
method: Using the maximum mean de-entropy algorithm. In Cutting-Edge Research Topics on 
Multiple Criteria Decision Making: 20th International Conference, MCDM 2009, 
Chengdu/Jiuzhaigou, China, June 21-26, 2009. Proceedings (pp. 789-796). Springer Berlin 
Heidelberg. https://doi.org/10.1016/j.eswa.2009.01.073  

21. Debnath, B., Bari, A. M., Ali, S. M., Ahmed, T., Ali, I., and Kabir, G. (2023). Modelling the barriers to 
sustainable waste management in the plastic-manufacturing industry: An emerging economy 
perspective. Sustainability Analytics and Modeling, 3, 100017.  
https://doi.org/10.1016/j.samod.2023.100017  

22. Dilrukshi, R. P. W. A., Hettiarachchi, M. H. S. M., Sriskumar, S., Chandrasekara, E. D. C. T., Dissanayake, 
D. M. M. R., Wijerathna, R. M. S., and Ariyaratne, W. M. T. P. (2021). Precision Agricultural 
Technologies for enhancing crop productivity: A way forward to Sri Lankan Agriculture. Sri Lanka 
Journal of Food and Agriculture. https://doi.org/10.4038/sljfa.v7i2.98  

23. Din, Z., Jambari, D. I., Yusof, M., and Yahaya, J. (2021). Challenges in IoT Technology Adoption into 
Information System Security Management of Smart Cities: A Review.  
http://dx.doi.org/10.25046/aj060213  

24. Dubey, A., and Chahar, R. (2023). Revolutionizing agriculture: harnessing IoT for productivity, 
sustainability, and innovation. 2023 6th International Conference on Recent Trends in Advance 
Computing (ICRTAC), 390–396. https://doi.org/10.1109/ICRTAC59277.2023.10480861  

25. Effah, E., Thiaré, O., and Wyglinski, A. (2023). A Tutorial on Agricultural IoT: Fundamental Concepts, 
Architectures, Routing, and Optimization. IoT. https://doi.org/10.3390/iot4030014  

26. Eskandari, M., Janjua, Z. H., Vecchio, M., and Antonelli, F. (2020). Passban IDS: An Intelligent 
Anomaly-Based Intrusion Detection System for IoT Edge Devices. IEEE Internet of Things Journal, 7, 
6882–6897. https://doi.org/10.1109/JIOT.2020.2970501  

27. Evwiekpaefe, A., and Amrevuawho, O. (2023). Acceptance of IoT Technology among Students and 
Staff of Tertiary Institutions in Kaduna State, Nigeria. Dutse Journal of Pure and Applied Sciences. 
https://doi.org/10.4314/dujopas.v9i1a.12  

28. Fathy, C., and Ali, H. M. (2023). A Secure IoT-Based Irrigation System for Precision Agriculture Using 
the Expeditious Cipher. Italian National Conference on Sensors, 23.  
https://doi.org/10.3390/s23042091  

29. Greiner, R., and Gregg, D. (2011). Farmers’ intrinsic motivations, barriers to the adoption of 
conservation practices and effectiveness of policy instruments: Empirical evidence from northern 
Australia. Land Use Policy, 28(1), 257–265. https://doi.org/10.1016/j.landusepol.2010.06.006  

30. Gyawali, B., Paudel, K., Jeans, R., and Banerjee, S. “Ban.” (2023). Adoption of computer-based 
technology (CBT) in agriculture in Kentucky, USA: Opportunities and barriers. Technology and 
Society. https://doi.org/10.1016/j.techsoc.2023.102202  

31. Kalatzis, N., Marianos, N., and Chatzipapadopoulos, F. (2019). IoT and data interoperability in 
agriculture: A case study on the gaiasense TM smart farming solution. 1–6.  
https://doi.org/10.1109/GIOTS.2019.8766423  

32. Kasemi, R., Lammer, L., and Vincze, M. (2022). The gap between technology and agriculture, barrier 
identification and potential solution analysis. IFAC-PapersOnLine, 55(39), 314–318.  
https://doi.org/10.1016/j.ifacol.2022.12.042  

33. Kaur, J., Sidhu, R., Awasthi, A., Chauhan, S., and Goyal, S. (2018). A DEMATEL based approach for 
investigating barriers in green supply chain management in Canadian manufacturing firms. 
International journal of production research, 56(1-2), 312-332.  
https://doi.org/10.1080/00207543.2017.1395522  



 

919 
 

34. Khan, S., Singh, R., Khan, S., and Ngah, A. H. (2023). Unearthing the barriers of Internet of Things 
adoption in food supply chain: A developing country perspective. Green Technologies and 
Sustainability, 1(2), 100023. https://doi.org/10.1016/j.grets.2023.100023  

35. Kumar, S., Raut, R. D., Agrawal, N., Cheikhrouhou, N., Sharma, M., and Daim, T. (2022). Integrated 
blockchain and internet of things in the food supply chain: Adoption barriers. Technovation, 118, 
102589. https://doi.org/10.1016/j.technovation.2022.102589  

36. Kumar, S., Raut, R. D., Nayal, K., Kraus, S., Yadav, V. S., and Narkhede, B. E. (2021). To identify industry 
4.0 and circular economy adoption barriers in the agriculture supply chain by using ISM-ANP. 
Journal of Cleaner Production, 293, 126023. https://doi.org/10.1016/j.jclepro.2021.126023  

37. Li, C.-W., & Tzeng, G.-H. (2009). Identification of a threshold value for the DEMATEL method using 
the maximum mean de-entropy algorithm to find critical services provided by a semiconductor 
intellectual property mall. Expert Systems with Applications, 36(6), 9891–9898. 
https://doi.org/10.1016/j.eswa.2009.01.073 

38. Maldonado, S., Escuder, G., Seré, A., and Steinfeld, L. (2024). Open-Source Cellular IoT Technologies 
Coverage Data Collection System for Precision Agriculture. Latin American Symposium on Circuits 
and Systems, 1–5. https://doi.org/10.1109/LASCAS60203.2024.10506126  

39. Maraveas, C., and Bartzanas, T. (2021). Application of Internet of Things (IoT) for Optimized 
Greenhouse Environments. AgriEngineering. https://doi.org/10.3390/agriengineering3040060  

40. Naseer, A., Shmoon, M., Shakeel, T., Rehman, S. U., Ahmad, A., and Gruhn, V. (2024). A Systematic 
Literature Review of the IoT in Agriculture—Global Adoption, Innovations, Security, and Privacy 
Challenges. IEEE Access, 12, 60986–61021. https://doi.org/10.1109/ACCESS.2024.3394617  

41. Patel, A., Jadav, N., Gupta, R., Tanwar, S., and Bhatia, J. (2023). Grey-Wolf Optimization-based Efficient 
Data Dissemination for UAVs in Critical Scenarios. 2023 4th IEEE Global Conference for 
Advancement in Technology (GCAT), 1–6. https://doi.org/10.1016/j.phycom.2021.101355  

42. Pillai, R., and Sivathanu, B. (2020). Adoption of internet of things (IoT) in the agriculture industry 
deploying the BRT framework. Benchmarking: An International Journal, 27(4), 1341–1368. 
https://doi.org/10.1108/BIJ-08-2019-0361  

43. Rayes, A., and Salam, S. (2022). The things in iot: Sensors and actuators. In Internet of Things From 
Hype to Reality: The Road to Digitization (pp. 63–82). Springer. https://doi.org/10.1007/978-3-
030-90158-5_3  

44. Rayhan, S. J., Rahman, M., and Lyu, K. (2023). The Role of Rural Credit in Agricultural Technology 
Adoption: The Case of Boro Rice Farming in Bangladesh. Agriculture.  
https://doi.org/10.3390/agriculture13122179  

45. Saha, H. N., Roy, R., Chakraborty, M., and Sarkar, C. (2021). IoT-enabled agricultural system 
application, challenges and security issues. Agricultural Informatics: Automation Using the Iot and 
Machine Learning, 223–247. https://doi.org/10.1002/9781119769231.ch11  

46. Salman, S., Hasanat, S., Rahman, R., and Moon, M. (2024). Analyzing the key barriers of adopting 
Industry 4.0 in Bangladesh’s ready-made garment industry: an emerging economy example. 
International Journal of Industrial Engineering and Operations Management, 6(3), 232-255.  
https://doi.org/10.1108/IJIEOM-04-2023-0034  

47. Shao, J., Taisch, M., and Ortega-Mier, M. (2016). A grey-DEcision-MAking Trial and Evaluation 
Laboratory (DEMATEL) analysis on the barriers between environmentally friendly products and 
consumers: Practitioners’ viewpoints on the European automobile industry. Journal of Cleaner 
Production, 112, 3185–3194. https://doi.org/10.1016/j.jclepro.2015.10.113  

48. Shen, Y.-C., Lin, G. T., and Tzeng, G.-H. (2011). Combined DEMATEL techniques with novel MCDM for 
the organic light emitting diode technology selection. Expert Systems with Applications, 38(3), 
1468–1481. https://doi.org/10.1016/j.eswa.2010.07.056  

49. Srinivasan, K., and Yadav, V. K. (2023). An empirical investigation of barriers to the adoption of smart 
technologies integrated urban agriculture systems. Journal of Decision Systems, 1–35.  
https://doi.org/10.1080/12460125.2023.2189652  

50. Strong, R., Wynn, J. T., Lindner, J. R., and Palmer, K. (2022). Evaluating Brazilian agriculturalists’ IoT 
smart agriculture adoption barriers: Understanding stakeholder salience prior to launching an 
innovation. Sensors, 22(18), 6833. https://doi.org/10.3390/s22186833  

51. Strong, R., Wynn, J., Lindner, J., and Palmer, K. (2022). Evaluating Brazilian Agriculturalists’ IoT 
Smart Agriculture Adoption Barriers: Understanding Stakeholder Salience Prior to Launching an 
Innovation. Italian National Conference on Sensors, 22. https://doi.org/10.3390/s22186833  



 

 
 

52. Sugandh, U., Nigam, S., and Khari, M. (2023). Ecosystem of Technologies for Smart Agriculture to 
Improve the Efficiency and Profitability of Indian Farmers. International Conference on Computing 
for Sustainable Global Development, 1442–1449. Available at:  
https://ieeexplore.ieee.org/document/10112573  

53. Symeonaki, E., Arvanitis, K., Piromalis, D., and Papoutsidakis, M. (2019). Conversational User 
Interface Integration in Controlling IoT Devices Applied to Smart Agriculture: Analysis of a Chatbot 
System Design. Intelligent Systems with Applications, 1071–1088. https://doi.org/10.1007/978-3-
030-29516-5_80  

54. Taqi, H. M. M., Nur, S. S. A., Salman, S., Ahmed, T., Sarker, S., Ali, S. M., and Sankaranarayanan, B. 
(2023). Behavioural factors for Industry 4.0 adoption: Implications for knowledge-based supply 
chains. Operations Management Research, 1–18. https://doi.org/10.1007/s12063-022-00338-9  

55. Tegegne, T., Balcha, H. B., and Beyene, M. (2019). Internet of Things Technology for Agriculture in 
Ethiopia: A Review. EAI International Conference on ICT for Development for Africa, 239–249.  
Available at:  
https://www.researchgate.net/publication/335033255_Internet_of_Things_Technology_for_Agric
ulture_in_Ethiopia_A_Review  

56. Thilakarathne, N., Bakar, M. S., Abas, P. E., and Yassin, H. (2023). Towards making the fields talks: A 
real-time cloud enabled IoT crop management platform for smart agriculture. Frontiers in Plant 
Science, 13. https://doi.org/10.3389/fpls.2022.1030168  

57. Wu, W., Lan, L. W., and Lee, Y. (2013). Factors hindering acceptance of using cloud services in 
university: A case study. The Electronic Library, 31(1), 84–98.  
https://doi.org/10.1108/02640471311299155  

58. Xia, X., Govindan, K., & Zhu, Q. (2015). Analyzing internal barriers for automotive parts 
remanufacturers in China using grey-DEMATEL approach. Journal of Cleaner Production, 87, 811–
825. https://doi.org/10.1016/j.jclepro.2014.09.044  

59. Yin, W., Liu, L., Sheng, T., and He, Y. (2023). The Application of IoT+Artificial Intelligence Technology 
in Adoption Agriculture. 2023 3rd International Signal Processing, Communications and 
Engineering Management Conference (ISPCEM), 132–135.  
https://doi.org/10.1016/j.ensm.2025.104295  

60. Zahari, Z., Rosly, N. A. M., Zaik, N. A. M., Rusli, M. H., Ahmad, G., Al-Sharqi, F., Al-Quran, A., and Awad, 
A. M. A. B. (2024). A DEMATEL Analysis of The Complex Barriers Hindering Digitalization 
Technology Adoption in The Malaysia Agriculture Sector. Journal of Intelligent Systems and Internet 
of Things. https://ir.uitm.edu.my/id/eprint/95039  

61. Zhu, Q., Sarkis, J., and Lai, K. H. (2014). Supply chain-based barriers for truck-engine remanufacturing 
in China. Transportation Research Part E: Logistics and Transportation Review, 68(August), 103-
117. https://doi.org/10.1016/j.tre.2014.05.001  

https://doi.org/10.1108/02640471311299155

