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Abstract. Different theories, models and frameworks have been used to study 

technology adoption, some explaining the determinants of adoption at the indi-

vidual level, some at the organizational level and some at both. As Artificial In-

telligence (AI) is gaining traction in many sectors, it will be beneficial to under-

stand the determinants and barriers to AI adoption. In this paper, an attempt has 

been made to review journal articles and other reports pertaining to AI adoption 

and understand the adoption theories used and the factors that facilitate and those 

that hinder AI adoption. Articles on adoption studies of autonomous vehicles, big 

data analytics, robots and cognitive engagement applications dominated the list 

of journal articles. Diffusion of Innovation, Technology, Organization and Envi-

ronment Framework and the unified theory of acceptance and use of technology 

(UTAUT) were some of the dominant theories/frameworks used. Factors influ-

encing adoption at the individual level were related to trust, security, purchase 

price, intrinsic motivation, social influence, utilitarian benefit whereas at the or-

ganizational level, it was related to the technical competencies, strategic road 

mapping for AI, top management support and the digital maturity of the organi-

zation. 

Keywords: Artificial Intelligence Adoption; AI adoption; Technology Adop-

tion; Adoption Theories. 

1 Introduction 

Artificial Intelligence (AI) which is machine intelligence that enables them to perform 

cognitive human like functions is one of the hot topics of discussion these days. Adop-

tion is the process of implementing a technology new to the organization and the ac-

ceptance and use by the users in the society. But there are many challenges faced by 

organizations in their adoption journeys. It will be beneficial to know the extent to 

which AI has been adopted by organizations in their various functions and to also know 

the determinants and barriers of AI adoption. According to the McKinsey Report (Nov 

2019)1,  adoption of AI continues to increase and there has been significant increase in 

revenue and reduction in costs especially among the AI users who have adopted AI in 

 
1https://www.mckinsey.com/featured-insights/artificial-intelligence/global-ai-survey-ai-proves-

its-worth-but-few-scale-impact 

https://www.mckinsey.com/featured-insights/artificial-intelligence/global-ai-survey-ai-proves-its-worth-but-few-scale-impact
https://www.mckinsey.com/featured-insights/artificial-intelligence/global-ai-survey-ai-proves-its-worth-but-few-scale-impact
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multiple business activities. 58% of the survey respondents had used at least one AI 

capability in at least one business unit. But there are other companies who have been 

lagging behind in AI adoption.  

Against this backdrop of the results of the survey with respect to real life AI adop-

tion, it will be useful to get an understanding of the factors that facilitate AI adoption, 

the factors that hinder adoption and the factors that determine the rate of diffusion of 

AI in the organization. It will also be beneficial to understand the interactions of the 

users with the AI systems in order to understand the factors influencing the AI adoption 

at the individual consumer levels. The adoption process may be a complex phenomenon 

being influenced by various factors.  

In order to have a comprehensive understanding of the adoption behavior of the users 

and organizations, it is necessary to understand the different theories and frameworks 

used in studying AI adoption. These theories may be further extended to suit new adop-

tion cases. 

There have been many articles published on technology adoption and more recently 

on AI adoption in specific areas such as smart manufacturing [16], medicine [53], ro-

botics [23], smart homes [39], virtual assistants [32], autonomous vehicles [1] and Big 

Data Analytics [4].  It will be beneficial to both the researchers and the practitioners to 

know the factors that facilitate AI adoption in the different areas. The managers can use 

this as a guide in implementing AI in their organizations. It will also help them in un-

derstanding how to increase the adoption rate amongst the individual users. The re-

searchers will also be able to use this information in their future research initiatives on 

AI. 

A comprehensive and systematic review of the articles on AI adoption has been done 

in this paper. Articles were taken from Science Direct and Google scholar using the 

descriptors “Artificial Intelligence adoption”/ “AI adoption”/ “AI adoption theories”/ 

“AI determinants and challenges”. Only recent articles published in reputed journals 

were included. A total list of 45 articles on AI adoption in different areas were selected. 

The research questions addressed in this study are: What are the dominant theories/ 

frameworks that are used to understand AI adoption at the organization and individual 

level? What are the determinants and barriers to adoption at the organization and indi-

vidual level? 

1.1 Theories/frameworks used to study AI adoption 

Technology-organization-environment framework. The Technology-organization-

environment (TOE) framework describes factors in the context of technological, organ-

izational and environmental elements that influence adoption and implementation of 

technological innovations. The TOE framework has been used to study CRM adoption 

stages [11], SaaS adoption [35], adoption of mobile reservation systems in hotels [51]. 

Diffusion of Innovations. The Diffusion of innovations (DOI) explains the rate at 

which new technology and ideas diffuse in organizations and how and why they spread. 

DOI can be used to study adoption of technological innovations at both the organization 
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and individual levels. DOI has been used in  mobile cloud computing adoption [8], in 

financial markets [9], autonomous vehicles [43], and Big Data Analytics [20]. 

Unified Theory of Acceptance and Use of Technology (UTAUT).  UTAUT is a tech-

nology acceptance model that uses the three constructs, performance expectancy, effort 

expectancy and social influence to explain user intentions to use an information system. 

Another construct, facilitating conditions is used to explain user behavior. UTAUT has 

been used to study the clinician adoption of health information systems in developing 

countries [5], adoption of mHealth by the elderly [18], in predicting multigenerational 

tablet adoption practices [29] and  in autonomous vehicle adoption. 

Technology Acceptance Model. TAM, introduced by Davis (1986) was used for mod-

elling user acceptance of information systems, with two primary factors viz perceived 

ease of use and perceived usefulness. Tam has been used in the extended form in in-

vestigating acceptance of telemedicine services adoption [19], in implementing citizen 

centric technology in developing smart cities [37], in studying the antecedents to virtual 

reality hardware acceptance [31] etc.  

2 Research Methodology 

The literature review was done by doing a search in science direct and Google scholar 

for research and review articles. The keywords used  were Artificial Intelligence adop-

tion, AI adoption, AI adoption theories and AI determinants & challenges.  

All the papers mentioned above were reviewed and analyzed in detail. The journal 

name, the year of publication, AI adoption topic and application, the domain, the theory 

used to study the adoption process, the determinants of adoption and the barriers to 

adoption mentioned in the papers were noted down. The articles covered AI applica-

tions in many areas such as cognitive engagement (CE), cognitive process automation 

(CPA), big data analytics (BDA), computer vision (CV), in autonomous vehicles (AV), 

robots and in medicine. 

 

2.1 Theories, Frameworks, Models and Methods used in the papers 

Apart from the dominant theories/frameworks mentioned above, the following were 

also used in the papers to understand the AI adoption process. 

Table 1. Details of theories/frameworks/techniques used 

Name #                Level Application 

Technology, Organization and  Environment 6 Organization CPA, BDA 

Diffusion of Innovation 6 Both AV, BDA 

Unified Theory of Acceptance and Use of 

Technology 

4 Individual AV, Robots, 

Medicine 
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Technology Acceptance Model 3 Individual AV, CE, BDA 

Dynamic Stackelberg Games 1 Individual AV 

Best Worst Modeling and Binary Choice 

Model 

1 Individual AV 

Uncertainty Reduction Theory 1 Individual AV 

Agent Based Modeling 1 Individual AV 

Theories of Risk Perception and Trust 1 Individual AV 

Cognitive Appraisal theory, Cognitive Disso-

nance Theory 

1 Individual Robots 

Technology, Organization and Environment 6 Organization CPA, BDA 

Watching Eyes Effect 1 Organization Robots 

Bandura's theory of Self-efficacy 1 Individual Robots 

The ‘Media Richness Theory’  1 Individual CE 

Multivariate Probit Model 1 Individual CE 

Uses and Gratification theory 1 Individual CE 

Dynamic Stackelberg Games (DSG). Stackelberg game has been used to show how 

asymmetric information influences strategic decisions of new technology adoption and 

how better information is not always a good thing [58]. This game theory was used to 

find an optimal subsidy policy considering the asymmetry of information between the 

government agency and the subsidized entities and market forecast uncertainties [28]. 

Best Worst Modeling and Binary Choice Model. Best-worst scaling is a survey 

method that can be used for examining individuals’ attitude towards technological in-

novation. It uses the extremes, best and worst items, most and least appealing factors 

that influence attitude towards adoption. The Binary Choice model is further used to 

understand how these attitudes influence the purchase decision [38]. This can be used 

to study AI adoption at an individual level. 

Uncertainty Reduction Theory (URT). According to URT, individuals try to reduce 

uncertainty by seeking information. Uncertainty arises when one is unable to determine 

the actions of another. Uncertainty is inversely proportional to trust. According to URT, 

uncertainty is decreased by acquiring information about the other person [13]. This has 

been used to study whether explanations promote acceptance of  innovations. 

Agent Based Simulation Modeling. It is used to model heterogeneous individuals who 

behave differently and are linked together. It is used for simulating the actions and in-

teractions of autonomous agents to assess effects on the system as a whole. Combina-

tion of DOI and Agent Based Modelling can be used to model adoptions [43]. 
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Theories of Risk Perception and Trust. These theories may include factors such as 

perceived benefit and risk, anticipated perceived and trust while studying adoption [25]. 

Cognitive Appraisal Theory, Cognitive Dissonance Theory. Cognitive appraisal 

consists of the primary appraisal process where a person examines a situation and finds 

out how that event will affect him and the secondary appraisal process where a response 

is arrived at. The outcome stage will determine how willing or reluctant they are, to 

accept the use of AI devices [17]. According to cognitive dissonance theory, individuals 

like to have consistency in their beliefs, opinions and behaviour. When there is lack of 

agreement, the attitude will change to resolve the dissonance. 

Multivariate Probit Model.The multivariate probit model, a generalization of the pro-

bit model can been used to describe technological innovation diffusion. It is used to 

examine decisions with choices that are interdependent by estimating several correlated 

binary outcomes together. It was used in a study to describe the diffusion of smart 

homes [39]. 

Watching Eyes Effect. People behave altruistically in front of watching eyes to main-

tain a positive social reputation. This has been used to study robotic adoption [27]. 

Bandura's theory of Self-efficacy. Self-efficacy is the confidence in oneself to be able 

to influence events. A study was done to show how self-efficacy with regard to robot 

use is associated with its acceptance [23]. 

The ‘Media Richness Theory’ (MRT). This shows the relationship between the qual-

ities and features of the communication task and the communication channel used for 

it. The theory has been used a lot in research related to e-government to examine why 

citizens continue to use the traditional methods [3]. 

Uses and Gratification theory. Uses and gratification theory is used to explain why 

people prefer to adopt certain media or innovation. The assumption is that the consum-

ers are not passive. A study was done to understand the adoption of Alexa and other 

technological innovations [32]. 

3 Determinants and Barriers to AI Adoption 

3.1 Autonomous Vehicles:   

Adoption of Autonomous Vehicles topped the list of topic wise articles with 13 articles 

under this category. 
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Table 2. Autonomous Vehicles adoption 

Facilitating Factors 

Purchase subsidies, AV related infrastructure [10]. 

Individual’s need, cost, overall impression, word of mouth [43] 

Rate at which autonomous technology improves over time, status and  environment con-

sciousness, disability, age, gender, income, education [12] 

Perceived safety, perceived usefulness [56] 

Household composition [6], Parking cost [38] 

Self-fulfilment including quality of life, security, responsibility [33] 

Being technologically savvy, perceived benefits [24] 

Coefficient of imitation such as observability, coefficient of innovation such as compatibil-

ity, relative advantage [40] 

Barriers 

Changes to established routines, perceived risk, perceived concerns, lack of accountability, 

lack of trust, system failure, privacy concerns,  deprivation from the joy of driving, overreli-

ance on AV, loss of driving skill, perceived dread [1]. 

3.2 Big Data Analytics 

Table 3. Big Data Analytics adoption 

Facilitating Factors 

Top management support, organizational data environment [49] 

Cloud provision and platforms, stronger and clearer privacy and governance,  innovativeness 

approach, competitiveness and resources [52] 

Barriers 

Adapting the organizational processes to the new technology, managers feeling threatened 

due to fear of losing their jobs to the new technology. 

3.3 Cognitive Engagement 

Table 4. Cognitive Engagement 

Facilitating Factors 

Social influence, hedonic motivation, performance expectancy [17] 

Utilitarian hedonic and symbolic benefits, social attractiveness [32] 

Novelty of AI activity, attitude towards the organization [48]. 

Barriers 

Adaptation challenges and use for elderly people, interaction with other technologies [34]. 

Lower communication richness and expressiveness [3], more complexity and  ambiguity. 
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3.4 Robots 

Table 5. Robots 

Facilitating Factors 

Performance efficacy, intrinsic motivation, facilitating conditions [27] 

Competitive market environment and customer needs [21] 

Robot use self-efficacy [23], social influence, trust, culture, prior experience 

Barriers 

Anthropomorphism [27], low levels of acceptance toward an intervention, privacy and ethical 

concerns, job insecurity. 

3.5 Medicine 

Table 6. Medicine 

Facilitating Factors 

Efforts required to install and use the tool [57] 

Reproducibility [53]  

Accuracy, trust [15] 

Ability to explain and easily interpret predictions, robust regulatory framework for managing 

changes to algorithms, time to delivery, cost [26] 

Initial trust has four determinants - propensity to trust, social influence, performance expec-

tancy and effort expectancy [15] 

Barriers 

Algorithmic transparency and reproducibility [53] 

Variations between experimental and clinical data, the need for regulators approve the com-

putational methods [46], Error rates, potential risks on lives [15] 

4 Results 

4.1 AI Adoption Theories 

Referring to Table 1. above, we see that the most dominant theories used to study AI 

adoption are Technology, Organization and Environment (TOE) and Diffusion of In-

novation (DOI).  TOE and DOI have been used in six articles each. TOE has been 

used to study adoption at the organization level where as DOI has been used both at 

the organization and at the individual levels.  

TOE and DOI have been followed closely by UTAUT and its extension followed by 

TAM and its extension. Both UTAUT and TAM have been used at the individual 

adoption levels. We also observe that the topic of AV adoptions dominates the list of 



8 

articles. AV was followed by Big Data Analytics, Robots and AI uses in Cognitive 

Engagement in the count of number of articles.  

Table 7. Dominant Theories 

Table 8. Application wise details 

4.2 Determinants and Barriers 

Aggregating the determinants and barriers from the different papers, there was a huge 

number of factors that facilitated and hindered AI adoption for the different applica-

tions. 

At the organization level, the key determinants were found to be Organizational strat-

egy and roadmap for AI, top management support, existing infrastructure, digital ma-

turity, trust, skill base, competitive market environment, compatibility, relative Ad-

vantage, observability, cost of adoption, external pressure, Government support, pri-

vacy laws, organizational innovativeness etc. In the area of medicine, the key determi-

nants were establishment of an eco-system of key players, regulatory approvals, anon-

ymization of data and accuracy. 

At the individual level, it was trust, cost, social influence, hedonic motivation, perfor-

mance expectancy, utilitarian benefits, safety, intrinsic motivation, prior experience 

with AI tools. 

5 Discussion and Implications for Managers and Researchers 

This paper has done a systematic review of journal articles in the area of AI adoption 

and has summarized the dominant adoption theories used along with the determinants 

Level Theories 

Organization TOE, DOI 

Individual UTAUT, DOI, TAM 

Application Theories 

AV DOI, UTAUT, TAM, DSG, Best Worst Modeling and Binary Choice 

Model, Uncertainty Reduction theory, Agent Based Modeling and 

Theories of Risk Perception and Trust 

BDA  TOE, DOI and TAM 

Robots UTAUT, Cognitive Appraisal Theory & Cognitive Dissonance The-

ory, Watching Eyes Effect and Bandura’s theory of self-efficacy 

CE TAM, the Media Rich Theory, Multivariate Probit Model and Uses 

and Gratification theory 
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and barriers to adoption for the different AI applications at the organization and indi-

vidual levels. It has helped in creating a knowledge base which can be used by the fu-

ture researchers while studying adoption of AI and other technological innovations.  

The paper will also help the managers by providing an insight into the factors that fa-

cilitate and those that hinder AI adoption and the factors that determine the rate of dif-

fusion of AI in the organization in the different application areas.   It will be useful to 

study AI adoption at the individual consumer levels by understanding the interactions 

of the users with the AI systems. This information can be used while implementing AI 

in their organizations by knowing the customer needs and by addressing the appre-

hensions the users might have towards AI.  

All the papers were selected from reputed Journals adding to the usefulness of the 

study. The paper can serve as a quick guide for both the researchers and the managers 

to know about the latest research details in AI adoption and know which theories to 

use and hence, what parameters to look for while studying adoption. The study was 

based on the study of 45 research papers comprising of the 7 application areas of AV, 

Big Data Analytics, Robots, Cognitive Engagement, Medicine, Computer Vision and 

Cognitive automation. Future research can be done in more detail in each of the above 

areas. 

References 

1. Adnan, N., Nordin, S. M., bin Bahruddin, M. A., & Ali, M. (2018). How trust can drive 

forward the user acceptance to the technology? In-vehicle technology for autonomous vehi-

cle. Transportation research part A: policy and practice, 118, 819-836. 

2. Alaiad, A., & Zhou, L. (2014). The determinants of home healthcare robots adoption: An 

empirical investigation. International journal of medical informatics, 83(11), 825-840.  

3. Androutsopoulou, A., Karacapilidis, N., Loukis, E., & Charalabidis, Y. (2019). Transform-

ing the communication between citizens and government through AI-guided chatbots. Gov-

ernment Information Quarterly, 36(2), 358-367. 

4. Baig, M. I., Shuib, L., & Yadegaridehkordi, E. (2019). Big data adoption: State of the art 

and research challenges. Information Processing & Management, 56(6), 102095. 

5. Bawack, R. E., & Kamdjoug, J. R. K. (2018). Adequacy of UTAUT in clinician adoption of 

health information systems in developing countries: The case of Cameroon. International 

journal of medical informatics, 109, 15-22. 

6. Berliner, R. M., Hardman, S., & Tal, G. (2019). Uncovering early adopter’s perceptions and 

purchase intentions of automated vehicles: Insights from early adopters of electric vehicles 

in California. Transportation research part F: traffic psychology and behaviour, 60, 712-722. 

7. Caesarius, L. M., & Hohenthal, J. (2018). Searching for big data: How incumbents explore 

a possible adoption of big data technologies. Scandinavian Journal of Management, 34(2), 

129-140. 

8. Carreiro, H., & Oliveira, T. (2019). Impact of transformational leadership on the diffusion 

of innovation in firms: Application to mobile cloud computing. Computers in Industry, 107, 

104-113.  



10 

9. Chakravarty, S., & Dubinsky, A. (2005). Individual investors' reactions to decimalization: 

Innovation diffusion in financial markets. Journal of Economic Psychology, 26(1), 89-103.  

10. Chen, S., Wang, H., & Meng, Q. (2019). Designing autonomous vehicle incentive program 

with uncertain vehicle purchase price. Transportation Research Part C: Emerging Technol-

ogies, 103, 226-245. 

11. Cruz-Jesus, F., Pinheiro, A., & Oliveira, T. (2019). Understanding CRM adoption stages: 

Empirical analysis building on the TOE framework. Computers in Industry, 109, 1-13. 

12. Cunningham, M. L., Regan, M. A., Horberry, T., Weeratunga, K., & Dixit, V. (2019). Public 

opinion about automated vehicles in Australia: Results from a large-scale national survey. 

Transportation research part A: policy and practice, 129, 1-18. 

13. Du, N., Haspiel, J., Zhang, Q., Tilbury, D., Pradhan, A. K., Yang, X. J., & Robert Jr, L. P. 

(2019). Look who’s talking now: Implications of AV’s explanations on driver’s trust, AV 

preference, anxiety and mental workload. Transportation research part C: emerging technol-

ogies, 104, 428-442.  

14. El-Haddadeh, R., Weerakkody, V., Osmani, M., Thakker, D., & Kapoor, K. K. (2019). Ex-

amining citizens' perceived value of internet of things technologies in facilitating public sec-

tor services engagement. Government Information Quarterly, 36(2), 310-320.  

15. Fan, W., Liu, J., Zhu, S., & Pardalos, P. M. (2018). Investigating the impacting factors for 

the healthcare professionals to adopt artificial intelligence-based medical diagnosis support 

system (AIMDSS). Annals of Operations Research, 1-26.  

16. Ghobakhloo, M., & Ching, N. T. (2019). Adoption of digital technologies of smart manu-

facturing in SMEs. Journal of Industrial Information Integration, 16, 100107. 

17. Gursoy, D., Chi, O. H., Lu, L., & Nunkoo, R. (2019). Consumers acceptance of artificially 

intelligent (AI) device use in service delivery. International Journal of Information Manage-

ment, 49, 157-169. 

18. Hoque, R., & Sorwar, G. (2017). Understanding factors influencing the adoption of mHealth 

by the elderly: An extension of the UTAUT model. International journal of medical infor-

matics, 101, 75-84.  

19. Kamal, S. A., Shafiq, M., & Kakria, P. (2020). Investigating acceptance of telemedicine 

services through an extended technology acceptance model (TAM). Technology in Society, 

60, 101212. 

20. Lai, Y., Sun, H., & Ren, J. (2018). Understanding the determinants of big data analytics 

(BDA) adoption in logistics and supply chain management. The International Journal of 

Logistics Management. 

21. Lakshmi, V., & Bahli, B. (2020). Understanding the robotization landscape transformation: 

A centering resonance analysis. Journal of Innovation & Knowledge, 5(1), 59-67. 

22. Langer, A., Feingold-Polak, R., Mueller, O., Kellmeyer, P., & Levy-Tzedek, S. (2019). Trust 

in socially assistive robots: Considerations for use in rehabilitation. Neuroscience & Biobe-

havioral Reviews.  

23. Latikka, R., Turja, T., & Oksanen, A. (2019). Self-efficacy and acceptance of robots. Com-

puters in Human Behavior, 93, 157-163. 

24. Lee, Y. C., & Mirman, J. H. (2018). Parents’ perspectives on using autonomous vehicles to 

enhance children’s mobility. Transportation research part C: emerging technologies, 96, 

415-431. 

25. Liu, P., Guo, Q., Ren, F., Wang, L., & Xu, Z. (2019). Willingness to pay for self-driving 

vehicles: influences of demographic and psychological factors. Transportation Research Part 

C: Emerging Technologies, 100, 306-317. 



11 

26. Liu, Z., Zhu, L., Roberts, R., & Tong, W. (2019). Toward Clinical Implementation of Next-

Generation Sequencing-Based Genetic Testing in Rare Diseases: Where Are We?. Trends 

in Genetics. 

27. Lu, L., Cai, R., & Gursoy, D. (2019). Developing and validating a service robot integration 

willingness scale. International Journal of Hospitality Management, 80, 36-51.  

28. Luo, Q., Saigal, R., Chen, Z., & Yin, Y. (2019). Accelerating the adoption of automated 

vehicles by subsidies: A dynamic games approach. Transportation Research Part B: Meth-

odological, 129, 226-243. 

29. Magsamen-Conrad, Upadhyaya, S., Joa, C. Y., & Dowd, J. (2015). Bridging the divide: Us-

ing UTAUT to predict multigenerational tablet adoption practices. Computers in human be-

havior, 50, 186-196.  

30. Mahroof,  K. (2019). A human-centric perspective exploring the readiness towards smart 

warehousing: The case of a large retail distribution warehouse. International Journal of In-

formation Management, 45, 176-190. 

31. Manis, K. T., & Choi, D. (2019). The virtual reality hardware acceptance model (VR-HAM): 

Extending and individuating the technology acceptance model (TAM) for virtual reality 

hardware. Journal of Business Research, 100, 503-513. 

32. McLean, G., & Osei-Frimpong, K. (2019). Hey Alexa… examine the variables influencing 

the use of artificial intelligent in-home voice assistants. Computers in Human Behavior, 99, 

28-37. 

33. Merfeld, K., Wilhelms, M. P., & Henkel, S. (2019). Being driven autonomously–A qualita-

tive study to elicit consumers’ overarching motivational structures. Transportation Research 

Part C: Emerging Technologies, 107, 229-247. 

34. Montenegro, J. L. Z., da Costa, C. A., & da Rosa Righi, R. (2019). Survey of conversational 

agents in health. Expert Systems with Applications. 

35. Oliveira, T., Martins, R., Sarker, S., Thomas, M., & Popovič, A. (2019). Understanding SaaS 

adoption: The moderating impact of the environment context. International Journal of Infor-

mation Management, 49, 1-12. 

36. Raguseo, E. (2018). Big data technologies: An empirical investigation on their adoption, 

benefits and risks for companies. International Journal of Information Management, 38(1), 

187-195. 

37. Sepasgozar, S. M., Hawken, S., Sargolzaei, S., & Foroozanfa, M. (2019). Implementing cit-

izen centric technology in developing smart cities: A model for predicting the acceptance of 

urban technologies. Technological Forecasting and Social Change, 142, 105-116.  

38. Shabanpour, R., Golshani, N., Shamshiripour, A., & Mohammadian, A. K. (2018). Eliciting 

preferences for adoption of fully automated vehicles using best-worst analysis. Transporta-

tion research part C: emerging technologies, 93, 463-478. 

39. Shin, J., Park, Y., & Lee, D. (2018). Who will be smart home users? An analysis of adoption 

and diffusion of smart homes. Technological Forecasting and Social Change, 134, 246-253.  

40. Simpson J. R., Mishra, S., Talebian, A., & Golias, M. M. (2019). An estimation of the future 

adoption rate of autonomous trucks by freight organizations. Research in Transportation 

Economics, 76, 100737.  

41. Sogani, J., Allen Jr, B., Dreyer, K., & McGinty, G. (2020). Artificial intelligence in radiol-

ogy: the ecosystem essential to improving patient care. 

42. Sun, T. Q., & Medaglia, R. (2019). Mapping the challenges of Artificial Intelligence in the 

public sector: Evidence from public healthcare. Government Information Quarterly, 36(2), 

368-383.  



12 

43. Talebian, A., & Mishra, S. (2018). Predicting the adoption of connected autonomous vehi-

cles: A new approach based on the theory of diffusion of innovations. Transportation Re-

search Part C: Emerging Technologies, 95, 363-380. 

44. Tang,  A., Tam, R., Cadrin-Chênevert, A., Guest, W., Chong, J., Barfett, J., ... & Poudrette, 

M. G. (2018). Canadian Association of Radiologists white paper on artificial intelligence in 

radiology. Canadian Association of Radiologists' Journal, 69(2), 120-135.  

45. Tizhoosh, H. R., & Pantanowitz, L. (2018). Artificial intelligence and digital pathology: 

challenges and opportunities. Journal of pathology informatics, 9.  

46. Toh, T. S., Dondelinger, F., & Wang, D. (2019). Looking beyond the hype: Applied AI and 

machine learning in translational medicine. EBioMedicine.  

47. Tussyadiah, I., & Miller, G. (2019). Nudged by a robot: Responses to agency and feedback. 

Annals of Tourism Research, 78, 102752. 

48. Van Esch, P., Black, J. S., & Ferolie, J. (2019). Marketing AI recruitment: The next phase 

in job application and selection. Computers in Human Behavior, 90, 215-222. 

49. Verma, S., & Bhattacharyya, S. S. (2017). Perceived strategic value-based adoption of Big 

Data Analytics in emerging economy. Journal of Enterprise Information Management. 

50. Verma, Surabhi, Som Sekhar Bhattacharyya, and Saurav Kumar. "An extension of the tech-

nology acceptance model in the big data analytics system implementation environment." 

Information Processing & Management 54, no. 5 (2018): 791-806. 

51. Wang, Y. S., Li, H. T., Li, C. R., & Zhang, D. Z. (2016). Factors affecting hotels' adoption 

of mobile reservation systems: A technology-organization-environment framework. Tour-

ism Management, 53, 163-172. 

52. Wright, L. T., Robin, R., Stone, M., & Aravopoulou, D. E. (2019). Adoption of Big Data 

technology for innovation in B2B marketing. Journal of Business-to-Business Marketing, 

26(3-4), 281-293. 

53. Xu, J., Yang, P., Xue, S., Sharma, B., Sanchez-Martin, M., Wang, F., ... & Parikh, B. (2019). 

Translating cancer genomics into precision medicine with artificial intelligence: applica-

tions, challenges and future perspectives. Human genetics, 138(2), 109-124. 

54. Yadegaridehkordi, E., Hourmand, M., Nilashi, M., Shuib, L., Ahani, A., & Ibrahim, O. 

(2018). Influence of big data adoption on manufacturing companies' performance: An inte-

grated DEMATEL-ANFIS approach. Technological Forecasting and Social Change, 137, 

199-210.  

55. Yeh, C. C., & Chen, Y. F. (2018). Critical success factors for adoption of 3D printing. Tech-

nological Forecasting and Social Change, 132, 209-216.  

56. Zhang, T., Tao, D., Qu, X., Zhang, X., Lin, R., & Zhang, W. (2019). The roles of initial trust 

and perceived risk in public’s acceptance of automated vehicles. Transportation research 

part C: emerging technologies, 98, 207-220. 

57. Zheng, K., Vydiswaran, V. V., Liu, Y., Wang, Y., Stubbs, A., Uzuner, Ö., ... & Pakhomov, 

S. (2015). Ease of adoption of clinical natural language processing software: an evaluation 

of five systems. Journal of biomedical informatics, 58, S189-S196. 

58. Zhu, K., & Weyant, J. P. (2003). Strategic decisions of new technology adoption under 

asymmetric information: a game‐theoretic model. Decision sciences, 34(4), 643-675. 


