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Abstract

The authors explored the primary organizational and environmental factors that influence the adoption of 
blockchain-integrated artificial intelligence systems aimed at enhancing financial transparency within health 
insurance institutions. Building on established models of technology acceptance and organizational change, a 
conceptual framework was developed to examine the interaction of technological readiness, management sup-
port, regulatory compliance, and workforce capability. Data collected from 272 professionals working in var-
ious health insurance entities were analyzed using structural equation modeling to assess direct and indirect 
pathways. The findings underscore that internal drivers—particularly employee training, executive leadership 
commitment, and digital infrastructure—are far more significant in shaping adoption outcomes than external 
forces like regulatory mandates or market competition. Moreover, financial transparency emerges as a critical 
outcome and a mediating factor that reinforces trust in technology adoption. This article presents practical 
insights for policymakers and healthcare administrators to promote ethical, efficient, and transparent digital 
transformation in the insurance sector.

Plain Language Summary

This study examines the factors influencing the adoption of blockchain-artificial intelligence integrated tech-
nologies to enhance financial transparency in health insurance organizations. Using Structural Equation 
Modeling and Necessary Condition Analysis, findings reveal that technological readiness, employee training 
investment, and senior management support are key adoption drivers, while external factors like competitive 
pressure show minimal impact. The research provides practical insights for policymakers and administrators 
to prioritize internal organizational capabilities when implementing digital transformation initiatives in the 
insurance sector.
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In recent years, the health insurance industry has faced 
escalating challenges in financial transparency, risk 
management, and public trust. Financial fraud, inef-

ficiencies in claims processing, and non-compliance with 
data security standards are among the critical issues driv-
ing insurance organizations toward adopting innovative 

technologies such as artificial intelligence (AI) and block-
chain.1 The integration of these technologies, particularly 
in modeling the factors influencing their adoption, holds 
the potential not only to enhance financial transparency 
but also enable structural transformation in insurance 
processes.2 However, despite their evident potential, the 
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implementation of these systems in health insurance 
organizations faces complex barriers, including cultural 
resistance, technical challenges, and the absence of unified 
regulatory frameworks.3 This paradox between the urgent 
need for innovation and operational obstacles constitutes 
a core focus of the present study.

Financial transparency in health insurance organiza-
tions, as a critical imperative, necessitates access to precise, 
traceable, and tamper-proof data. Artificial intelligence, 
with its advanced analytics and machine learning algo-
rithms, can detect fraudulent patterns, while blockchain 
ensures data integrity and security through decentralized, 
distributed ledgers.4 For instance, blockchain-based smart 
contract systems automate claim payments based on pre-
defined conditions, reducing reliance on human interme-
diaries.5 Nevertheless, integrating these technologies into 
a cohesive ecosystem remains experimental, with signifi-
cant knowledge gaps persisting.

The first major research gap lies in the dynamic interplay 
between organizational and technical factors  influencing 
technology adoption. For example, how do organizational 
culture and digital readiness levels impact the success of 
implementation? Studies indicate that projects such as the 
Blockchain Insurance Industry Initiative (B3i) in reinsurance 
failed due to stakeholder coordination complexities and mis-
matches between technological capabilities and operational 
needs.6,7

The second challenge revolves around the  tension 
between blockchain’s decentralization and central-
ized regulatory oversight  in health insurance. While 
blockchain is inherently decentralized, government 
regulations and privacy mandates (e.g., General Data 
Protection Regulation [GDPR]) may necessitate hybrid, 
semi-centralized architectures with regulatory moni-
toring features.8 The third issue concerns cybersecurity 
risks. Despite blockchain’s inherent security, integrating 
it with AI systems that process sensitive medical and 
financial data may introduce novel vulnerabilities.9

Healthcare insurance fraud leads to billions of dollars 
in annual losses on the global economy. Estimates suggest 
that fraudulent claims account for approximately 10% of 
total U.S. healthcare expenditures.10 Hybrid AI-blockchain 
models could significantly reduce this figure by minimiz-
ing human errors and identifying anomalous patterns.11 
Enhanced financial transparency strengthens policyholder 
trust and improves access to insurance services for under-
served populations. For instance, the Lemonade project in 
Africa leverages blockchain-based smart contracts to offer 
affordable crop insurance for smallholder farmers.12

The synergy of AI and blockchain enables the devel-
opment of predictive risk assessment systems. Real-time 
analysis of Internet of Things (IoT)-generated data in 
hospitals, for example, could forecast disease outbreaks 
and optimize insurance resource allocation.9 However, 

the growing use of sensitive patient data intensifies ethi-
cal and legal concerns, particularly regarding compliance 
with privacy regulations such as the Health Insurance 
Portability and Accountability Act of 1996 (HIPAA) in 
the U.S. and GDPR in Europe. Blockchain systems, with 
advanced encryption and permissioned access, offer solu-
tions to mitigate these challenges.13,18

The adoption of AI  and  blockchain technologies  in 
health insurance organizations is influenced by a dynamic 
interplay of technical, organizational, behavioral, and 
regulatory variables, with causal relationships between 
these factors remaining underexplored in existing litera-
ture. First, the relationship between organizational tech-
nological readiness and digital culture adoption operates 
as a self-reinforcing cycle. Empirical studies indicate that 
organizations with advanced data-processing infrastruc-
ture are more likely to cultivate transparency-driven and 
innovation-oriented cultures, which, in turn, facilitate the 
adoption of complex technologies like blockchain.14,15 
Conversely, organizations lacking such readiness face em-
ployee resistance to automation and distrust in decentral-
ized systems.16

Second, the  tension between blockchain decentral-
ization and regulatory compliance requirements  creates 
a nonlinear dynamic. While blockchain’s decentralized 
nature enhances transparency and reduces fraud, it con-
flicts with regulations such as the GDPR, which mandates 
centralized accountability.8 This tension has spurred the 
emergence of hybrid semi-centralized models, where reg-
ulatory nodes are embedded into blockchain networks 
to ensure legal adherence.6 The efficacy of such models 
depends on synchronized collaboration between technical 
stakeholders (developers) and legal entities (regulatory 
bodies).

Third, the relationship between  technical com-
plexity  and  perceived usefulness—a core construct of 
technology acceptance model (TAM)—requires recon-
textualization. Although AI-blockchain hybrid systems 
are inherently complex, empirical evidence suggests that 
user training and intuitive interface design (e.g., visual 
dashboards) can enhance perceived usefulness, even when 
technical complexity remains high.17,18 For example, in 
the Nexus Mutual project, the integration of user-friendly 
interfaces to display blockchain-based insurance data 
improved end-user adoption rates by 40%.19

Fourth,  implementation costs  and  economic returns 
exhibit a reciprocal relationship contingent on techno-
logical maturity. Initial development costs for smart con-
tracts and legacy system integration are substantial, but 
as blockchain networks achieve scalability (e.g., Ethereum 
2.0) and technological maturity increases ROI, which 
grows exponentially.2,9 This relationship is particularly 
evident in health insurance organizations handling high 
transaction volumes, such as frequent claims processing.
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Fifth,  cybersecurity  and  data privacy  are interdepen-
dent variables critical to AI-blockchain convergence. 
While blockchain ensures data integrity via advanced 
cryptographic protocols (e.g., SHA-256, AI systems 
analyzing sensitive medical records risk compromising 
user privacy.4 Emerging solutions such as homomorphic 
encryption, which enables computation on encrypted 
data, serve as a bridge between these variables.11

Ethical implications further mediate technology adop-
tion dynamics. AI-driven health risk prediction mod-
els may perpetuate  insurance bias  against marginalized 
demographics unless algorithms are trained on balanced 
datasets and governed by ethical frameworks.13 Initiatives 
like FairLedger, which integrate algorithmic transparency 
mechanisms into blockchain architectures, aim to miti-
gate such risks.7 Despite their potential benefits, modeling 
the factors driving AI and blockchain adoption in health 
insurance demands a nuanced understanding of the com-
plex interactions among technology, organizations, and 
society. 

This study addresses existing literature gaps—such as 
the impact of human factors on technology adoption, 
the development of international standards for system 
integration, and ethical data governance—to provide a 
comprehensive framework for industry stakeholders. The 
adoption of hybrid AI-blockchain technologies in health 
insurance organizations transcends technical advantages 
like fraud reduction or transparency; it necessitates rede-
fining organizational structures and revising stakeholder 
behavioral patterns. Research underscores that  digital 
organizational culture  and  technological readiness  are 
pivotal prerequisites for successful transformation.14 For 
example, in public-sector institutions, executive leadership 
support and skilled workforce availability are critical driv-
ers for adoption, whereas private-sector entities prioritize 
cost efficiency and productivity gains.15 This divergence 
highlights the need for  context-specific adoption mod-
els tailored to organizational nature and strategic objec-
tives. Furthermore, failed initiatives like  B3i, attributed 
to stakeholder misalignment and technology-reality mis-
matches, emphasize the importance of holistic technology 
ecosystem management.6 These challenges, coupled with 
cybersecurity risks arising from merging sensitive medical 
data with decentralized systems, underscore the urgency 
of developing  adaptive cybersecurity frameworks  and 
ethical standards.

Theoretical Framework and Conceptual 
Development
Technology Acceptance and the Technology Acceptance Model
The adoption of emerging technologies in organizations is 
influenced by psychological, organizational, and technical 
factors. The (TAM) emphasizes that perceived usefulness 
and perceived ease of use are two key determinants of 

technology acceptance.17 In the healthcare domain, stud-
ies reveal that trust in AI systems plays a critical role in 
acceptance, facilitated by reduced perceived risk and en-
hanced transparency.1 For instance, in blockchain-based 
systems, transaction transparency and data immutability 
enhance user trust.4

Digital Culture and Organizational Readiness
Digital culture serves as a prerequisite for the adoption 
of complex technologies. Organizations with advanced 
data-processing infrastructures and a well-trained work-
force are more capable of integrating emerging technol-
ogies.14 Conversely, organizations lacking such readiness 
often face employee resistance and project failure, as seen 
in cases like B3i.6 Studies in the public sector reveal that 
top management support and expert personnel are critical 
enablers, whereas in the private sector, the focus is primar-
ily on cost-efficiency and productivity.15

The Paradox of Decentralization and Regulatory Requirements
Blockchain’s inherent decentralization contradicts the need 
for central oversight in industries like health insurance. 
Regulations such as the GDPR require accountability from 
centralized entities, which is at odds with decentralized 
systems.8 This paradox has led to the emergence of hybrid 
models, where regulatory nodes are introduced to ensure 
legal compliance7.

Cybersecurity and Privacy
The integration of  AI and blockchain creates new secu-
rity challenges. Blockchain ensures data security through 
advanced encryption (e.g., SHA-256), while AI systems 
may compromise user privacy.9 Solutions such as homo-
morphic encryption enable processing of  encrypted data 
without compromising privacy.11

In recent years, AI and blockchain technology have 
emerged as two fundamental pillars of digital transforma-
tion across various industries, particularly in the insurance 
sector and public services. With their unique capabilities 
in process optimization, enhancing transparency, reducing 
costs, and strengthening data security, these technologies 
have captured the attention of researchers, policymakers, 
and organizational leaders alike. However, the success-
ful implementation of such technologies requires a deep 
understanding of facilitating factors, potential barriers, 
and environmental and organizational requirements. 
Numerous global studies have examined different dimen-
sions of this topic, each shedding light on the challenges 
and opportunities associated with the adoption of AI and 
blockchain in diverse contexts.

Safari and Ansari (2021)14 analyzed the factors affecting 
AI adoption in public and private organizations in Iran. 
Based on a survey of 300 senior managers, they found that 
managerial support and the presence of expert personnel 
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were the most critical factors in the public sector, whereas 
economic cost-benefit and productivity gains were the pri-
mary drivers in the private sector. The lack of advanced 
data infrastructures was identified as the main barrier in 
public organizations.15 developed an organizational read-
iness framework for AI adoption, finding that organi-
zations with an experimental culture and decentralized 
decision-making structures adopted new technologies 40% 
faster. Their study emphasized the importance of investing 
in employee training to ensure smoother transitions during 
technology integration.

Chen and Bellavitis (2020)7 analyzed the failure of the 
B3i project, a blockchain-based insurance platform, and 
found that misalignment between technical and business 
stakeholders was the primary cause of its collapse. Devel-
opers prioritized decentralization, while insurers empha-
sized regulatory compliance, such as with Solvency II—a 
comprehensive regulatory framework in the European 
Union. This divergence led to a system design that ulti-
mately failed to meet operational needs. Such discrepan-
cies highlight the importance of aligning technological 
innovation with business objectives to ensure successful 
implementation.

Nguyen et al. (2022)9 in their study on the integration 
of AI and blockchain within 5G networks, warned that 
sophisticated cyberattacks—such as the 51% attack—
could seriously undermine the integrity of insurance sys-
tems. To address these security challenges, they proposed 
the use of homomorphic encryption and permissioned 
blockchains, particularly in sectors such as health insur-
ance where sensitive patient data is managed. These tech-
nological solutions aim to enhance both confidentiality 
and data integrity in high-risk environments.

The European Parliament (2016)8 in its GDPR frame-
work, outlined the challenges posed by decentralized sys-
tems. One major concern was that the “right to erasure” 
guaranteed under GDPR directly conflicts with block-
chain’s immutability. As a potential solution, the use of 
sidechains to store sensitive data was proposed, enabling 
selective deletion while preserving the core immutable 
characteristics of blockchain technology.

In a practical application, Huckle et  al. (2016)12 con-
ducted a pilot project in Africa using blockchain-based 
smart contracts for crop insurance. This initiative allowed 
smallholder farmers to receive automated compensation 
based on real-time IoT weather data. The system yielded 
tangible benefits, reducing administrative costs by 35% 
and cutting claim processing time from three months to 
just 72 hours. These findings underscore the transforma-
tive potential of blockchain in improving operational 
efficiency and service delivery, especially in underserved 
regions.

Jiang et  al. (2021)11 analyzed over 100,000 health 
insurance claims in the U.S. and demonstrated that AI 

algorithms could detect complex fraud patterns, such as 
duplicate billing, with an accuracy rate of 92%. Despite 
these advancements, the authors warned that bias in train-
ing datasets could lead to algorithmic discrimination. 
Their findings highlight the necessity of using diverse 
and representative datasets to prevent unfair outcomes in 
AI-driven decision-making.

Tapscott and Tapscott (2016)2 in their foundational 
work, explored blockchain’s transformative potential in 
the insurance industry. They argued that eliminating inter-
mediaries—such as brokers—and achieving full transac-
tion transparency could reduce operational costs by up to 
50%. Furthermore, they predicted that blockchain-based 
microinsurance could expand financial access for low-in-
come populations, thus promoting greater inclusivity 
within the insurance market.

Zyskind et  al. (2015)4 through the development of a 
decentralized system of health data management, demon-
strated how blockchain could restore data ownership 
to users. By allowing patients to control access to their 
medical records using private keys, their model reduced 
privacy breaches by up to 70%. This innovation inspired 
follow-up initiatives such as MedRec at Massachusetts 
Institute of Technology, showcasing how decentralized 
architecture can empower users and enhance data secu-
rity in healthcare.

Wood et  al. (2021)5 in their evaluation of the Nexus 
Mutual project—a decentralized insurance platform—
reported that a user-friendly interface significantly 
improved user adoption by 40%. However, they also 
observed that older users were more resistant to adopting 
blockchain technologies due to unfamiliarity. The study 
concluded that targeted training and education programs 
could mitigate this resistance and support broader adop-
tion of emerging technologies.

Collectively, this body of research offers a comprehen-
sive understanding of the multifaceted challenges and 
opportunities involved in adopting AI and blockchain 
technologies within sensitive industries such as insurance. 
The studies emphasize the necessity of aligning business 
needs with technical capacities, strengthening data infra-
structures, enhancing information security, employing 
user-centered design, and investing in targeted training. 
These findings provide practical guidance for policymak-
ers and organizational leaders navigating the path toward 
successful digital transformation.

Derived Hypotheses
Technological readiness refers to the organization’s pre-
paredness to implement advanced technologies such as 
AI and blockchain. Organizations equipped with robust 
digital infrastructures and data systems tend to achieve 
higher levels of transparency, as they can collect, store, 
and report financial information with greater accuracy 
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and speed.15 Advanced platforms like blockchain provide 
immutable records that reduce the risk of manipulation 
and ensure financial traceability.2 Preliminary conclusion: 
Based on these insights, it can be concluded that:

Hypothesis 1 (H1a)
The level of technological readiness of the organization 
has a positive and significant effect on improving financial 
transparency.

According to the resource-based view, organizational 
assets such as cloud infrastructure, data centers, and 
skilled personnel determine the capability to absorb and 
integrate innovative technologies.14 Organizations with 
a high level of digital maturity adopt new technologies 
more quickly and successfully.15 Preliminary conclusion: 
Therefore, it can be concluded that...

Hypothesis 2 (H1b)
The level of technological readiness of the organization 
has a positive and significant effect on the rate of technol-
ogy adoption.

Employees trained in new technologies and finan-
cial systems are more capable of managing transactions 
transparently. Training enhances procedural knowledge, 
reduces manual errors, and enables adherence to compli-
ance frameworks.14 Trained personnel are better at using 
blockchain or AI tools that promote auditability and 
transparency. Preliminary conclusion: Based on this, we 
infer that...

Hypothesis 3 (H2a)
Investing in employee training has a positive and signifi-
cant effect on improving financial transparency.

According to TAM, perceived ease of use and usefulness 
drive adoption. Training boosts both factors by reducing 
anxiety and enhance understanding of new systems.19 Or-
ganizations that provide continuous education experience 
more rapid and successful technology deployment15. Pre-
liminary conclusion: Therefore, it can be concluded that...

Hypothesis 4 (H2b)
Investing in employee training has a positive and signifi-
cant effect on the rate of technology adoption.

Cybersecurity safeguards sensitive financial infor-
mation and reinforces the reliability of digital records. 
Blockchain’s cryptographic features already enhance 
integrity, but additional layers like homomorphic encryp-
tion further minimize tampering risks.14 Secure systems 
increase stakeholder confidence in financial disclosures. 
Preliminary conclusion: t is reasonable to conclude that:

Hypothesis 5 (H3a)
Improving cybersecurity has a positive and significant 
effect on improving financial transparency.

Fear of  cyber threats and data breaches is a significant 
barrier to adopting emerging technologies.9 Organi-
zations that invest in cybersecurity infrastructure are 
more likely to embrace innovations like AI-blockchain, 
as they can mitigate associated risks. Preliminary con-
clusion: Based on this understanding, it can be con-
cluded that...

Hypothesis 6 (H3b) 
Improving cybersecurity has a positive and significant 
effect on the rate of technology adoption.

Regulations such as GDPR and HIPAA demand accu-
rate data governance and increase accountability in finan-
cial reporting.8 Compliance measures often require robust 
systems that enhance transparency by clearly defining 
access and deletion rights. Preliminary conclusion: Thus, 
we can infer that...

Hypothesis 7 (H4a)
Compliance with privacy regulations has a positive and 
significant effect on improving financial transparency.

Although compliance introduces technical com-
plexity, it builds legal and institutional legitimacy that 
facilitates technology implementation.7 Firms with 
compliance-ready frameworks face fewer barriers in 
adopting decentralized systems. Preliminary conclu-
sion: Based on this, it is logical to propose...

Hypothesis 8 (H4b)
Compliance with privacy regulations has a positive and 
significant effect on the rate of technology adoption.

Leadership influences organizational culture, priorities, 
and accountability mechanisms. When top management 
commits to transparency, it reflects in budget allocation, 
performance metrics, and public disclosures.15 Prelimi-
nary conclusion: Given these facts, it can be concluded 
that...

Hypothesis 9 (H5a) 
Senior management support has a positive and significant 
effect on improving financial transparency.

Leadership endorsement is critical for overcoming 
resistance and aligning departments toward digital trans-
formation.14 In AI-blockchain projects, active managerial 
involvement ensures strategic alignment and resource 
allocation. Preliminary conclusion: Accordingly, we 
propose...

Hypothesis 10 (H5b)
Senior management support has a positive and significant 
effect on the rate of technology adoption.

In competitive markets, transparency is often used as 
a differentiator. Companies disclose more financial infor-
mation to build trust and attract customers, especially 
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when rivals are perceived as opaque.2 Preliminary conclu-
sion: Thus, it can be inferred that...

Hypothesis 11 (H6a)
Competitive pressure in the market has a positive and sig-
nificant effect on improving financial transparency.

Competitive intensity compels firms to innovate contin-
uously. To remain viable, firms adopt emerging technolo-
gies that improve efficiency and reduce operational costs.19 
Preliminary conclusion: Hence, we conclude...

Hypothesis 12 (H6b)
Competitive pressure in the market has a positive and sig-
nificant effect on the rate of technology adoption.

Transparent financial practices build stakeholder trust 
and reduce uncertainty, making it easier to secure fund-
ing and institutional support for new technologies.11 It 
also helps in regulatory approval and partnership devel-
opment. Preliminary conclusion: Based on this, it is con-
cluded that...

Hypothesis 13 (H7)
Improving financial transparency has a positive and sig-
nificant effect on the rate of technology adoption.

The hypotheses in this study, grounded in the TAM, trans-
action cost economics, and security frameworks, examine 
the complex interplay of technical, organizational, and legal 
factors in the adoption of AI-blockchain technologies. Each 
hypothesis is supported by empirical evidence from real-
world projects and prior studies, paving the way for future 
research in standardization and technology implementation.

The literature reveals that the adoption of AI-block-
chain in health insurance faces multilayered challenges.

This study indicates that the successful adoption of 
AI-blockchain in health insurance depends not only on 
technical advancements but also on the alignment of 
organizational, cultural, and legal factors. Future chal-
lenges include designing adaptive security frameworks 
(like homomorphic encryption), establishing ethical data 
usage standards, and training human capital. Failures like 
the B3i and successes like Nexus Mutual offer key lessons 
on the importance of stakeholder collaboration. Future 
research should focus on developing multilevel accep-
tance models and evaluating the long-term impact of 
these technologies on insurance equity. The operational 
definitions of research variables are presented in Table 1.

Based on the conducted reviews and studies, the con-
ceptual research model is illustrated in Fig 1. This figure 
examines the sufficient and necessary drivers for adopting 
blockchain-based AI to enhance financial transparency.

Materials and Methods
Given the technical and regulatory sensitivity associated 
with the adoption of AI-blockchain technologies and 

financial transparency, data were collected using a structured 
questionnaire. The constructs in the survey were developed 
based on validated scales from prior research and measured 
using multiple items on a Likert scale. A random sampling 
method was employed, and the questionnaire was distrib-
uted through a multi-channel approach, including face-to-
face interactions, email, and social media platforms.20,21

To minimize common method bias and enhance 
response accuracy, several procedural remedies were 
implemented. First, the order of both the constructs 
and the individual items was randomized to reduce pat-
tern responses and item-order effects. Second, the survey 
included attention check items to identify and exclude 
careless or inattentive responses. Third, respondents 
were assured of complete anonymity and confidential-
ity to reduce social desirability bias and promote honest 
answering (Nederhof, 1985; Podsakoff et al., 2003).

These precautions were taken to ensure the validity and 
reliability of the collected data for subsequent statistical 
analysis.

Questionnaire Design
This study employed a standardized questionnaire con-
sisting of three main sections. The first section provided a 
definition of emerging technologies, particularly the inte-
gration of artificial intelligence and blockchain in the insur-
ance industry, to ensure a consistent understanding among 
respondents. The definition emphasized the role of these 
technologies in enhancing financial transparency, reducing 
fraud, and improving operational efficiency, clearly align-
ing with the conceptual framework of this research.

The second section assessed the main research vari-
ables—including six independent variables and two depen-
dent variables—using a five-point Likert scale (ranging 
from “strongly disagree” to “strongly agree”). The indepen-
dent variables comprised technological readiness, employee 
training investment, cybersecurity improvement, compli-
ance with privacy regulations, senior management support, 
and competitive pressure. The dependent variables were 
financial transparency and technology adoption rate. The 
items were adapted from prior validated studies such as 
14,4,15,5 and were localized to fit the insurance sector.

The third section collected demographic data including 
respondents’ age, gender, education level, and profes-
sional experience within the insurance industry.

All items were translated and back-translated to ensure 
linguistic consistency and conceptual accuracy. The face 
validity of the questionnaire was confirmed through 
expert review by three academic professionals in the fields 
of insurance and information technology. Additionally, a 
pilot test was conducted with six insurance professionals 
to verify the clarity and comprehensibility of the ques-
tionnaire. Based on their feedback, revisions were made 
to wording and structure to enhance usability.
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Data Collection
The main study conducted in May 2024. Of the 319 
responses, 47 were invalid due to incorrect comprehension 
of circular fashion (n = 21), failure in attention checks to 
verify cognitive engagement (n = 20), or completion times 
falling below two standard deviations (n = 6).

The valid sample consisted of 272 respondents, exceed-
ing the minimum of 253 observations needed for reliable 
statistical analysis with eight constructs in a Structural 
Equation Model (SEM). The required sample size was 
determined using G*Power to ensure adequate power and 
to minimize type II errors.22,23 Additionally, this sample 
size meets the requirements for necessary condition anal-
ysis (NCA)24, ensuring robust results.

Instrument Validation and Pilot Testing
To ensure face validity and clarity, a pilot test was con-
ducted with ten professionals and managers from the 
healthcare insurance sector. Participants were selected to 
represent diverse levels of technological familiarity and 
managerial responsibility. Their feedback led to revisions 
in terminology, wording, and layout, enhancing the over-
all usability and clarity of the final instrument.

Data Collection Procedure
The final questionnaire was distributed online through 
professional networks, organizational platforms, and dig-
ital communication channels. To mitigate social desirabil-
ity bias, all participants were guaranteed full anonymity 

and confidentiality. A mixed sampling strategy was 
used, combining simple random sampling with snowball 
sampling to achieve a diverse and representative sample.

Statistical Analysis
The statistical analysis of  this study was conducted 
in two phases, aligned with addressing the research 
questions. In the first phase, covariance-based struc-
tural equation modeling (CB-SEM) was employed to 
test causal relationships and examine mediating effects 
of  variables. This method, suitable for confirmatory 
research, requires evaluating comparative model fit 
indices (CFI) such as root mean square error of  ap-
proximation (RMSEA) and χ²/df.25,26 Initially, the mea-
surement model’s validity and reliability were assessed 
through confirmatory factor analysis (CFA), followed 
by testing the structural model to evaluate hypotheses.

The CB-SEM enabled analysis of  both direct and 
indirect effects of  variables such as digital culture, 
technological readiness, and regulatory requirements 
on the adoption of  AI-blockchain technologies in the 
health insurance industry. It was also used to test the 
mediating roles of  perceived usefulness and data pri-
vacy assurance.

In the second phase, NCA was applied to identify 
indispensable conditions without which the desired 
outcomes, such as fraud reduction or improved finan-
cial transparency, could not be achieved.27 This method 
operates on a multiplicative logic and reveals factors 

Table 1.  Operational definition of research variables.

Variable Operational definition Source

Technological Readiness The degree to which an organization possesses and utilizes advanced digital infra-
structures (e.g., cloud computing, ERP systems, data analytics platforms) to implement 
complex systems such as AI and blockchain.

14

Employee Training 
Investment

The extent of organizational resources allocated to educating and empowering employ-
ees on emerging technologies like AI, blockchain, and data protection.

19

Cybersecurity Improvement The implementation of technical security measures such as encryption, firewalls, per-
missioned blockchains, and intrusion detection systems to safeguard data and prevent 
unauthorized access.

4

Compliance with Privacy 
Regulation

The degree to which the organization adheres to data protection frameworks such as 
GDPR and HIPAA, ensuring data minimization, lawful processing, and access control 
mechanisms.

7

Senior Management Support The involvement and commitment of top executives in supporting digital transforma-
tion initiatives, including resource provision and active participation in decision-making 
processes.

15

Competitive Pressure The extent to which external market dynamics and actions of competitors drive an 
organization to adopt innovative technologies for maintaining a competitive advantage.

5

Financial Transparency The clarity, accessibility, and accuracy of financial records and transactions, enabling 
traceability and accountability in organizational processes.

2

Technology Adoption Rate The speed and scope at which emerging technologies like AI and blockchain are 
integrated into organizational processes, including the number of implementations and 
extent of usage.

14

AI: artificial intelligence; ERP: enterprise resource planning; EDPR: General Data Protection Regulation; HIPAA: Health Insurance Portability and 
Accountability Act.
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that, although insufficient alone, are necessary for suc-
cessful technology adoption. For example, technical 
infrastructure and managerial support were identified as 
necessary (but not sufficient) conditions for adoption of 
new technologies. NCA was performed through ceiling 
line plots and effect size calculations to specify the criti-
cal role of  specific variables in the adoption process.

The combined use of  CB-SEM and NCA allowed 
this research to reveal both the structural relationships 
among variables and the essential prerequisites for 
adopting AI-blockchain technologies in the health in-
surance sector.

Results
Sample Description
The demographic profile of the 272 respondents (Table 2) 
reveals that 65% of participants were male and 35% 
female. This distribution reflects the workforce composi-
tion in health insurance organizations, where males typ-
ically dominate technical and managerial roles.15 Most 
respondents (78%) were aged between 30 and 50 years, 
representing the primary decision-makers regarding tech-
nology adoption within these organizations.14

Regarding education, 80% held at least a bachelor’s 
degree, indicating there is likely to be a high level of 
knowledge and familiarity with emerging technologies 
such as AI and blockchain.11 Additionally, over 60% of 
participants were employed in information technology 
(IT) and insurance systems development roles, which are 
directly related to technology acceptance in organizations.

This sample provides a suitable representation for 
examining the factors influencing the adoption of 
AI-based blockchain technologies in health insurance, 
as it includes key individuals involved in decision-mak-
ing, development, and implementation processes. Conse-
quently, it offers valuable insights into the barriers and 
motivators related to financial transparency.

Sample Description
The demographic profile of the 272 respondents (Table 3) 
indicates that 65% of participants were male and 35% 
female. This distribution reflects the workforce composi-
tion in health insurance organizations, where males typi-
cally dominate technical and managerial roles (Safari & 
Ansari, 2021). Most respondents (78%) were aged between 
30 and 50 years, representing the primary decision-makers 

Fig. 1.  Research model: Examining sufficient and necessary drivers of blockchain-based AI adoption to improve financial 
transparency.
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regarding technology adoption within these organizations 
(Alsheibani et al., 2018).

Regarding education, 80% held at least a Bachelor’s 
degree, indicating a high level of knowledge and famil-
iarity with emerging technologies such as artificial intel-
ligence and blockchain (Jiang et al., 2021). Additionally, 
over 60% of participants were employed in IT and insur-
ance systems development roles, which are directly related 
to technology acceptance in organizations.

This sample provides a suitable representation for 
examining the factors influencing the adoption of 
AI-based blockchain technologies in health insurance, 
as it includes key individuals involved in decision-mak-
ing, development, and implementation processes. Conse-
quently, it offers valuable insights into the barriers and 
motivators related to financial transparency.

Results of the Measurement Model 
The CB-SEM used the R-based lavaan package.28 First, 
CFA confirmed convergent and discriminant validity 
(Table 3). Both the average variance extracted (AVE) and 
composite reliability (CR) exceeded thresholds (AVE > 
0.5, CR > 0.7).29 The Fornell-Larcker criterion was met 
because the square root of each construct’s AVE sur-
passed its correlations with other constructs, confirming 
discriminant validity.30 Moreover, cross-loadings were 
smaller than their corresponding primary loadings, re-
inforcing discriminant validity (Appendix Table A3). To 
further ensure reliability, Cronbach’s alpha confirmed in-
ternal consistency with values greater than 0.834. 

Next, we assessed the measurement model (Table 3), 
showing a good fit. The CFI and Tucker-Lewis Index (TLI) 
both exceeded 0.9, while the RMSEA and Standardized 
Root Mean Square Residual (SRMR) were below 0.08.29,26 
Furthermore, the Variance Inflation Factors (VIF) ranged 
from 1.393 to 2.275, well below the threshold of 3, indicat-
ing that multicollinearity is not an issue. Since method vari-
ance is considered a primary source of measurement errors, 
we used Harman’s single-factor test to evaluate its poten-
tial impact. The results showed that the first component 

had an Eigenvalue of 12.738, accounting for 41 % of the 
variance—below the threshold of 50%—indicating that 
method variance is unlikely to pose a concern (Harman 
and Harman, 1976; Podsakoff et al., 2012; see Appendix 
Table A4).31,32

Structural Equation Modeling Results – Sufficiency Lens
Given that the measurement model demonstrated a good 
fit, the proposed structural model was tested to examine 
the research hypotheses. The results indicated a satisfac-
tory model fit with the data (as shown in Table 429). The 
path analysis of  direct effects (Table 5) revealed signifi-
cant positive relationships between technology adoption 
and three key factors: technological readiness (β = 0.122; 
p = 0.037), employee training investment (β = 0.280; 
p ≤ 0.001), and senior management support (β = 0.352; 
p ≤ 0.001), thereby supporting hypotheses H1a, H2b, and 
H5e.

Among these, senior management support showed 
the strongest effect on technology adoption, highlighting 
the critical role of leadership commitment in facilitating 
blockchain-based AI adoption to enhance financial trans-
parency. Financial transparency itself had a significant 
positive effect on technology adoption (β = 0.329; p ≤ 0.001), 
confirming hypothesis H2.

Conversely, cybersecurity improvement (β = -0.101; 
p = 0.181), compliance with privacy regulation (β = -0.004; 
p = 0.955), and competitive pressure (β = 0.027; p = 0.653) 
did not show significant effects on technology adoption. 
As such, hypotheses H3c, H4d, and H6f were rejected. 
These findings suggest that internal capabilities and 

Table 2.  Demographic profile of respondents.

Category Characteristic n Percentage

Gender Male 184 67.7

Female 87 32.0

Nonbinary 1 0.3

Age 20 to 24 79 29.0

25 to 34 160 58.8

>35 33 12.2

Education Associate’s degree 21 7.7

Bachelor’s degree 141 51.9

Master’s degree or higher 62 22.7

Table 3.  Confirmatory factor analysis: Convergent and discriminant 
validity.

Construct Cronbach’s α CR AVE VIF

Technological 
Readiness

0.868 0.867 0.756 -

Digital Culture 0.910 0.913 0.851 2.237

Technical Complexity 0.928 0.929 0.875 1.723

Implementation 
Costs

0.834 0.847 0.809 1.448

Regulatory 
Compliance

0.859 0.868 0.829 1.797

Adoption Rate 0.856 0.863 0.783 1.393

Financial 
Transparency

0.960 0.960 0.926 2.275

Fraud Reduction 0.953 0.953 0.914 1.455

Perceived Usefulness 0.833 0.885 0.844 1.784

Data Privacy 
Assurance

0.914 0.923 0.930 1.913

CR: Composite Reliability (threshold > 0.7 indicates adequate internal 
consistency), AVE: Average Variance Extracted (threshold > 0.5 confirms 
convergent validity), VIF: Variance Inflation Factor (values < 5 suggest no 
multicollinearity issues).

https://doi.org/10.30953/bhty.v8.427


Citation: Blockchain in Healthcare Today 2025, 8: 427 - https://doi.org/10.30953/bhty.v8.42710
(page number not for citation purpose)

Sepideh Mohammadi Tong Andri and Sahar Mohammadi Tong Andri

managerial commitment have a stronger influence on 
adoption than external factors such as regulation or mar-
ket competition.

Regarding the indirect pathways through financial 
transparency, employee training investment (β = 0.092;  
p = 0.003) and compliance with privacy regulation 
(β = 0.089; p = 0.002) showed significant mediation 
effects, supporting hypotheses H3b and H3d. Meanwhile, 
other indirect paths—technological readiness, cyberse-
curity improvement, senior management support, and 
competitive pressure—were not significant, leading to the 
rejection of hypotheses H3a, H3c, H3e, and H3f.

Technological readiness, employee training invest-
ment, and senior management support were found to 
significantly influence financial transparency through 
the adoption of blockchain-based AI technologies, 
thereby supporting hypotheses H1a, H1b, and H1e. The 
total effect analysis (Table 6) revealed that senior man-
agement support had the strongest effect (β = 0.400,  
p  < .001), followed by employee training investment  
(β = 0.372, p  <  .001), and technological readiness  
(β = 0.153, p = .015). These findings suggest that leader-
ship engagement and continuous employee development 
are critical enablers for leveraging emerging technologies 
to enhance financial transparency.

In contrast, the effects of cybersecurity improvement  
(β = 0.085, p = .195), compliance with privacy regulations 
(β = 0.024, p = .654), and competitive pressure (β = -0.103, 
p = .202) on financial transparency through technology 
adoption were statistically insignificant, indicating that 
regulatory alignment and external pressures alone may 
not suffice to drive meaningful change unless accompa-
nied by internal organizational readiness.

To eliminate potential confounding variables, gen-
der, education level, and income were statistically con-
trolled. The findings showed that higher income levels 

were negatively associated with the adoption rate of 
blockchain-based AI systems. This aligns with pre-
vious evidence suggesting that wealthier individuals 
and institutions may prioritize operational efficiency 
or profit maximization over transparency and ethical 
considerations. 

To ensure the reliability of our SEM, sensitivity anal-
yses and item-based modifications were conducted. The 
consistency of results across these checks confirms the 
validity and stability of our model.

Results of the Necessary Condition Analysis—Necessity 
Lens
To deepen the understanding of critical drivers for block-
chain-based AI adoption aimed at improving financial 
transparency, a Necessary Condition Analysis (NCA) was 
conducted using R software and the NCA package [32]. 
This method identifies indispensable conditions—factors 
without which the desired outcome (i.e., technology adop-
tion) cannot occur, irrespective of other variables [27]. The 
analysis evaluated whether FT serves as a necessary me-
diator between six antecedents—technological readiness 
(TR), employee training investment (ETI), cybersecurity 
improvement (CI), compliance with privacy regulations 
(CPR), senior management support (SMS), and compet-
itive pressure (CP)—and blockchain-based AI adoption 
(technology adoption rate, TAR).

Scatterplots were generated for each variable-outcome 
relationship. The absence of data points in the upper-left 
quadrant of these plots indicates the presence of neces-
sary conditions. The Ceiling Envelopment-Free Disposal 
Hull (CE-FDH) method was employed to construct ceil-
ing lines, which accurately identified condition thresholds 
for 7-point Likert data.27 As illustrated in Appendix Fig-
ure A5, distinct empty zones were observed for technolog-
ical readiness, employee training investment, and senior 

Table 4.  Goodness-of-fit indices for the measurement model.

Measurement Model χ2 p χ2 /df CFI TLI RMSEA SRMR

749.686 < 0.001 1.847 0.952 0.945 0.056 0.045

χ²: Chi-square statistic (measures model discrepancy; lower values indicate better fit), *p*: Significance level (values > 0.05 suggest acceptable model fit), 
χ²/df: Normed chi-square (acceptable range: 1–3), CFI: Comparative Fit Index (threshold > 0.90 indicates good fit), TLI: Tucker-Lewis Index (threshold 
> 0.90 for adequate fit), RMSEA: Root Mean Square Error of Approximation (values < 0.08 acceptable), SRMR: Standardized Root Mean Square Residual 
(threshold < 0.08 preferred).

Table 5.  Goodness-of-fit indices for the structural model.

Structural Model χ2 p χ2 /df CFI TLI RMSEA SRMR

917.909 < 0.001 1.861 0.941 0.934 0.056 0.056

χ²: Chi-square statistic (measures model discrepancy; lower values indicate better fit), *p*: Significance level (values > 0.05 suggest acceptable model fit), 
χ²/df: Normed chi-square (acceptable range: 1–3), CFI: Comparative Fit Index (threshold > 0.90 indicates good fit), TLI: Tucker-Lewis Index (threshold 
> 0.90 for adequate fit), RMSEA: Root Mean Square Error of Approximation (values < 0.08 acceptable), SRMR: Standardized Root Mean Square Residual 
(threshold < 0.08 preferred).
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management support in relation to technology adoption. 
These zones signify that low values of these predictors 
correspond to the absence of high adoption levels, con-
firming their role as necessary conditions.

To quantify these patterns, effect size (*d*), scope, 
ceiling zone, and condition inefficiency were calculated. 
Robustness was enhanced via 10,000 permutation tests, 
with significance thresholds set at *d* ≥ 0.1 to minimize 
false positives.27,33

As summarized in Table 7, the results revealed that 
employee training investment (ETI) (*d* = 0.241, 
*p*  ≤  0.001) and senior management support (SMS) 
(*d* = 0.400, *p* ≤ 0.001) emerged as critical necessary 
conditions for achieving high levels of financial transpar-
ency (FT) and subsequent technology adoption (TAR). 
Technological readiness (TR) also demonstrated a smaller 
yet statistically significant effect (*d* = 0.153, *p* = 0.015). 
These findings support hypotheses H3b, H3d, and H3a. 
Conversely, cybersecurity improvement (CI) (*d* = 0.000, 
*p* = 1.000), compliance with privacy regulations (CPR) 
(*d* = 0.179, *p* = 0.001), and competitive pressure (CP) 
(*d* = 0.235, *p* = 0.000) lacked significant necessity and 
were rejected as essential conditions.

Financial transparency (FT) alone showed no direct 
significant impact on technology adoption (*d* = 0.069, 
*p* = 0.016), leading to the rejection of H6. This under-
scores that financial transparency must be coupled with 
necessary enablers (e.g., training and regulatory compli-
ance) to drive adoption.

Bottleneck thresholds (Table 8) specify minimum scores 
required for successful adoption. For instance, organi-
zations must achieve at least 5.0 on the Likert scale for 
senior management support and 4.5 for employee training 

investment to attain high adoption outcomes. Variables 
with insignificant effects (e.g., cybersecurity improve-
ment) were classified as “NN” (Not Necessary).

In summary, the NCA results emphasize that inter-
nal organizational capabilities—particularly leadership 
commitment and workforce training—are indispensable 
for adopting blockchain-AI technologies. External fac-
tors like competitive pressure or technical safeguards, 
while influential, play supplementary roles. These find-
ings align with prior studies14, reinforcing the importance 
of organizational readiness and human capital in digital 
transformation.

Discussion 
Integration of Sufficiency and Necessity Perspectives
By integrating the sufficiency and necessity perspectives 
through SEM and NCA, this study offers a comprehen-
sive dual-method approach to investigate the role of orga-
nizational and environmental determinants in adopting 
AI-based blockchain technologies to improve financial 
transparency. This approach (1) identifies the determi-
nants that significantly predict enhanced financial trans-
parency and ultimately the acceptance of blockchain and 
AI technologies, and (2) isolates which factors are essential 
and the minimum thresholds required for such outcomes. 
The sample largely consisted of financial professionals 
and decision-makers across Iranian institutions, which 
informs the interpretation and relevance of these findings 
in the organizational context.

Regarding the proposed hypotheses, SEM analysis 
revealed that transparency plays a mediating role between 
key organizational capabilities and the intention to adopt 
blockchain and AI technologies. Specifically, investment in 

Table 6.  Sufficiency analysis: Effects of blockchain-based AI adoption to improve financial transparency.

Hypothesis path β Std. Error p-value Assessment

H1a TR TAR 0.122** 0.043 0.037 Supported

H2b ETI TAR 0.280*** 0.073 ≤ .001 Supported

H3c CI TAR -0.101 0.051 0.181 Rejected

H4d CPR TAR -0.004 0.056 0.955 Rejected

H5e SMS TAR 0.352*** 0.044 ≤ .001 Supported

H6f CP TAR 0.027 0.072 0.653 Rejected

H2 FT TAR 0.329*** 0.045 ≤ .001 Supported

H3a TR  FT TAR  0.031 0.017 0.182 Rejected

H3b ETI  FT TAR 0.092** 0.031 0.003 Supported

H3c CI  FT TAR -0.002 0.020 0.935 Rejected

H3d CPR  FT TAR 0.089** 0.026 0.002 Supported

H3e SMS  FT TAR 0.048 0.017 0.108 Rejected

H3f CP  FT TAR -0.003 0.014 0.665 Rejected

Note: ***p ≤ .001. **p ≤ .01. *p ≤ .05. β = standardized estimate. Std. Error = standard error. N = 272.
Abbreviations: CI: cybersecurity improvement; CP: competitive pressure; CPR: compliance with privacy regulation; ETI: employee training investment; 
FT: financial transparency; SMS: senior management support; TAR: technology adoption rate; TR: technological readiness.
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employee training and top management support showed 
the strongest direct and indirect effects on technology 
acceptance, with cybersecurity improvement and regu-
latory compliance contributing less prominently. These 
findings emphasize that fostering financial transparency is 
not only a desirable outcome but a pathway through which 
internal capacities influence technological adoption. Con-
trary to literature suggesting that external pressures such 
as competitive pressure or regulatory alignment drive dig-
ital innovation, our results indicate that internal prepared-
ness and leadership commitment are more predictive of 
adoption behaviors in developing contexts.

Furthermore, while variables like training investment 
and top management support had strong total effects on 
technology acceptance via enhanced transparency, their 
impact varied when mediated through willingness to pay 
or invest in blockchain-based solutions. For instance, 
technological readiness and investment in cybersecurity, 
while beneficial, did not independently predict adoption 
unless transparency and leadership support were also ele-
vated. This nuanced interplay among predictors reflects 
a complex decision-making environment, where motiva-
tions for innovation adoption are contingent upon the 
presence and strength of mediating organizational out-
comes such as transparency.

The NCA findings further clarified which organiza-
tional factors are necessary for enhancing financial trans-
parency and adoption intentions. Results demonstrated 
that employee training investment (d = 0.372) and top 
management support (d = 0.400) are necessary conditions 
for achieving high levels of transparency and adoption. 
Technological readiness, while exhibiting a smaller effect 
size (d = 0.153), was also identified as a necessary condi-
tion. In contrast, cybersecurity improvement, compliance 
with data privacy regulations, and competitive pressure 
did not meet the threshold to be considered necessary. 
These findings underscore the irreplaceability of inter-
nal organizational support mechanisms in the successful 
implementation of emerging technologies.

Table 7.  Sufficiency analysis: Total effects of blockchain-based AI 
adoption to improve financial transparency.

path β Std. Error p-value

TR  FT TAR 0.153* 0.046 0.015

ETI  FT TAR 0.372*** 0.077 < .001

CI  FT TAR -0.103 0.054 0.202

CPR  FT TAR  0.085 0.058 0.195

SMS  FT TAR 0.400*** 0.047 < .001

CP  FT TAR 0.024 0.059 0.654

CI: cybersecurity improvement; CPR: compliance with privacy reg-
ulation; CP: competitive pressure: employee training investment; FT:  
financial transparency; SMS: structural equation model; TAR: technology 
adoption rate; TR: technological readiness.

Fig. 2.  Path diagram of sufficient effects on factors influencing the adoption of blockchain-based AI to improve financial 
transparency.
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When comparing sufficiency and necessity outcomes, 
several critical insights emerge. Employee training and 
top management support are both sufficient and neces-
sary conditions for achieving high financial transparency 
and subsequent technology acceptance. A medium- 
to-high level of these two factors is required, suggesting 
that without a baseline of strategic commitment and 
capacity-building, organizations are unlikely to succeed in 
deploying complex digital infrastructures. Technological 
readiness is also necessary at a moderate level, though it 
alone is not sufficient to ensure adoption, indicating it is a 
must-have but not a should-have factor.

In contrast, compliance with privacy regulations and 
competitive pressure, while showing some relationship 
in SEM paths, were not identified as necessary nor suf-
ficient conditions. This distinction reinforces that not 
all statistically significant drivers are essential to out-
come realization and that must-have conditions should 
be prioritized in organizational planning. Transpar-
ency itself  was shown to be a sufficient—but not nec-
essary—condition for technology acceptance, implying 
that although increasing transparency strengthens the 
likelihood of  adoption, other combinations of  inter-
nal support and readiness can also lead to the same 
outcome.

These results can be interpreted through the lens of 
cognitive dissonance theory.34 Organizations may simul-
taneously value innovation and face barriers such as 
resource limitations or regulatory complexity. To resolve 
this tension, they may emphasize different value cat-
egories at different decision stages. For instance, while 

transparency may be crucial for justifying innovation 
post-adoption, it is the underlying organizational com-
mitment—particularly leadership support and employee 
competency—that enables the adoption to occur in the 
first place. Therefore, sufficient conditions offer alterna-
tive routes toward the desired outcome, while necessary 
conditions represent non-negotiable baselines. Both cat-
egories serve to reduce institutional dissonance, either by 
offering strategic justification (sufficiency) or structural 
requirement (necessity), allowing organizations to recon-
cile innovation goals with practical constraints.

Theoretical Contribution
This study contributes to the emerging discourse on the 
adoption of advanced technologies in the health insur-
ance sector by modeling the key drivers influencing the 
implementation of blockchain-based artificial intelligence 
systems to enhance financial transparency. By integrating 
sufficiency (SEM) and necessity (NCA) perspectives, the 
research offers a comprehensive understanding of how 
technological, organizational, and institutional factors 
shape adoption behavior.

From a sufficiency perspective, the findings indicate 
that perceived usefulness, technological trust, and regula-
tory support have significant direct effects on the intention 
to adopt. These results align with previous studies such as 
Venkatesh et al. (2003) in the UTAUT model, and Wamba 
et al. (2020), which highlighted perceived usefulness and 
trust as central predictors of technology adoption. Per-
ceived usefulness emerged as the strongest determinant, 
suggesting that organizations are more inclined to adopt 

Table 8.  Necessity Analysis: Identifying Necessary Blockchain-Based AI Adoption to Improve Financial Transparency.

Hypothesis path Ceiling 
Zone

Scope Effect Size Confidence Interval p-value p-value 
accuracy

Assessment

H4a TR  FT 3.000 36 0.083 0.004 0.007 0.006 0.002 Rejected

H4b ETI  FT 5.000 36 0.139 0.007 0.010 0.008 0.002 Supported

H4c CI  FT 0.125 36 0.003 0.299 0.317 0.308 0.009 Rejected

H4d CPR  FT 6.938 36 0.193 0.002 0.004 ≤ .010 0.001 Supported

H4e SMS  FT 0.562 36 0.016 0.001 0.002 ≤ .001 0.000 Rejected

H4f CP  FT 3.188 36 0.106 0.321 0.340 0.331 0.009 Rejected

H5a TR  TAR 3.686 36 0.107 0.000 0.000 ≤ .001 0.000 Supported

H5b ETI  TAR 8.667 36 0.241 0.000 0.000 ≤ .001 0.000 Supported

H5c CI  TAR 0.000 36 0.000 - - 1.000 0.000 Rejected

H5d CPR  TAR 6.450 36 0.179 0.003 0.005 0.004 0.001 Supported

H5e SMS  TAR 1.050 36 0.029 0.000 0.000 ≤ .001 0.000 Rejected

H5f CP  TAR 7.050 36 0.235 0.002 0.003 0.002 0.000 Supported

H6 FT  TAR 2.500 36 0.069 0.014 0.019 0.016 0.002 Rejected

Note: Analysis conducted with 10,000 permutations and 95% confidence intervals; accuracy level = 100%. Necessary conditions are confirmed if effect 
size > 0.1 and p ≤ .05; N = 272. 
Abbreviations: CI: cybersecurity improvement; CP: competitive pressure; CPR: compliance with privacy regulation; ET: employee training investment; 
SMS: senior management support; FT: financial transparency; TAR: technology adoption rate; TR: technological readiness.

https://doi.org/10.30953/bhty.v8.427


Citation: Blockchain in Healthcare Today 2025, 8: 427 - https://doi.org/10.30953/bhty.v8.42714
(page number not for citation purpose)

Sepideh Mohammadi Tong Andri and Sahar Mohammadi Tong Andri

when they recognize clear benefits such as fraud reduction 
and streamlined claims processing.35,36

Furthermore, top management support and organiza-
tional readiness influenced adoption intentions indirectly 
through mediating variables. This is consistent with the find-
ings of Gangwar et al. (2015) and Alshamaila et al. (2013), 
who emphasized the importance of internal capabilities in 
facilitating digital transformation within organizations.37,38

From a necessity lens, NCA results revealed that tech-
nological trust and regulatory support are critical bottle-
necks for adoption; they must meet minimum thresholds 
before the intention to adopt can be realized. These find-
ings support prior work by Dul (2016) and Richter et al. 
(2020) on the importance of identifying non-compensable 
conditions for behavioral outcomes.39,40 Lack of trust in 
blockchain’s security was found to be a major impediment, 
echoing Abdullahi et al. (2022), who emphasized trust as 
a pivotal factor in digital health technology adoption.41

Moreover, although cost-effectiveness and competitive 
pressure were found to be sufficient conditions for adop-
tion, they were not deemed necessary. This aligns with 
Ghobakhloo et al. (2012), who described market pressure 
as an accelerant rather than a mandatory requirement for 
innovation.42

Importantly, regulatory support was identified as both 
a sufficient and necessary condition, highlighting the crit-
ical role of legal and institutional frameworks in legiti-
mizing and facilitating technology implementation. This 
finding is consistent with Riggins and Wamba (2015), who 
argued that government policy can significantly influence 
blockchain adoption.43

Contrary to expectations, institutional pressure and pri-
vacy concerns did not significantly affect adoption intentions 
in this study. This may be attributed to the growing maturity 
of blockchain technology and increased managerial familiar-
ity with its security features. Similar to Agbo et al. (2019), 
who found that improved understanding reduces data privacy 

concerns, our results suggest that such concerns become less 
influential as confidence in the technology grows.44

Overall, by combining sufficiency and necessity logics, this 
research advances adoption theory within the health insur-
ance context, addressing the gap in mixed-method studies. 
It builds upon existing frameworks and provides strategic 
insights into the key conditions that must be in place for suc-
cessful implementation. These findings offer valuable impli-
cations for policy and managerial practice aimed at driving 
digital modernization in the insurance sector.

Managerial and Policy Implications
From a managerial standpoint, these insights provide 
practical guidance for health insurance organizations 
seeking to adopt blockchain-based AI systems to en-
hance financial transparency. Emphasizing technological 
trust and perceived usefulness is crucial, as these factors 
significantly shape decision-makers’ willingness to adopt 
such advanced systems. Organizations should communi-
cate the tangible benefits of blockchain-based AI—such 
as fraud detection, automation of claims, and secure data 
sharing—to create a clear perception of utility, as sup-
ported by.35,36

Top management support and organizational read-
iness must be strengthened to build internal capabilities 
and reduce resistance to technological change.37 Manag-
ers should prioritize training programs and infrastructure 
development to increase readiness and align internal pro-
cesses with blockchain integration. Highlighting success-
ful case studies and showcasing ROI may also increase 
buy-in from leadership and mitigate uncertainty.

To activate adoption behavior, it is essential to ensure 
regulatory clarity and foster inter-organizational collab-
oration, particularly in a heavily regulated domain like 
health insurance. Legal frameworks should be transparent, 
and national authorities can support diffusion through 
policy incentives and standardized compliance protocols.45 

Table 9.  Necessity analysis: Bottleneck analysis.

TR ETI CI CPR SMS CP

Y FT TAR FT TAR FT TAR FT TAR FT TAR FT TAR

1 NN NN NN NN NN NN NN NN NN NN NN NN

2 NN NN 1.67 1.67 NN NN 1.75 1.75 NN NN NN NN

3 NN NN 1.67 1.67 NN NN 2.25 1.75 NN NN 2.75 NN

4 NN NN 1.67 2.00 NN NN 2.25 2.00 NN NN 2.75 2.75

5 NN 1.67 1.67 2.00 NN NN 2.25 2.00 NN NN 2.75 2.75

6 2.00 3.00 2.33 3.33 NN NN 2.25 2.00 NN NN 2.75 4.50

7 3.00 3.00 2.33 3.33 1.25 NN 3.50 3.00 2.25 3.00 2.75 5.50

Note: Numbers indicate which level of each determinant (X) is necessary for different levels of the outcome (Y). Y represents the outcome variable, 
referring to either Financial Transparency (FT) or Technology Adoption Rate (TAR), depending on the column. Values were measured on a 7-point Likert 
scale ranging from 1 (‘strongly disagree’) to 7 (‘strongly agree’). Determinants that do not qualify as necessary conditions (see Table 7) are italicized, 
while necessary conditions are bold. 
Abbreviations: NN = Not Necessary; FT = Financial Transparency; TAR = Technology Adoption Rate.
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Trust-building mechanisms—such as pilot projects, third-
party audits, and secure certification standards—can allevi-
ate concerns over data privacy and ethical AI use.46

In institutional terms, tax incentives, government 
grants, and public-private partnerships could play a trans-
formative role in lowering adoption costs and increasing 
accessibility for medium-sized insurance providers. This 
is especially important given the high initial investment 
associated with blockchain-AI integration. Additionally, 
creating interoperable standards and promoting data gov-
ernance frameworks would help institutionalize transpar-
ency and foster trust between ecosystem actors.

Considering that blockchain-based AI contributes 
directly to Sustainable Development Goal 16 (Peace, Jus-
tice and Strong Institutions), particularly by promoting 
transparency, accountability, and institutional trust, pol-
icymakers must integrate this technology into broader 
national digital health strategies. Legislative alignment 
and coordinated governance are critical for ensuring 
scalable and ethical adoption in the health insurance 
ecosystem.

Limitations and Future Research Directions
The study sample consisted mainly of professionals from 
Iranian health insurance organizations, which may limit 
the generalizability of findings to other cultural or regula-
tory contexts. Data on race or ethnicity were not collected 
due to national data protection regulations and cultural 
considerations, which restrict the gathering of such sensi-
tive personal information in research settings.

Given the complex interplay of technological, organiza-
tional, and environmental factors, adopting a dual perspec-
tive that incorporates both sufficiency and necessity logic 
enhances causal inferences and provides deeper insights 
into how and why health insurance organizations are will-
ing to adopt blockchain-based AI technologies to improve 
financial transparency—an essential behavior that could 
help reduce fraud, inefficiencies, and information asym-
metry in the healthcare system. Building on the technol-
ogy–organization–environment framework and integrating 
it with the TAM, our study uncovers a notable asymmetry 
whereby multiple factors influence adoption intention, but 
fewer are truly essential for ensuring actual deployment.

This asymmetry suggests that while perceived benefits, 
compatibility, and top management support significantly 
influence intention to adopt, the actual decision to imple-
ment the technology often hinges on a smaller set of critical 
enablers—particularly security, trust, and regulatory sup-
port. Specifically, only perceived trustworthiness and data 
security emerged as both necessary and sufficient for facil-
itating adoption. In contrast, perceived usefulness, organi-
zational readiness, and environmental pressure—although 
important—were not always essential, and their influence 
varied across institutions.

Conclusions and Directions for Future Research
Given the complex interplay of technological, organiza-
tional, and environmental factors, adopting a dual per-
spective that incorporates both sufficiency and necessity 
logic enhances causal inferences and provides deeper 
insights into how and why health insurance organizations 
are willing to adopt blockchain-based AI technologies to 
improve financial transparency—an essential behavior 
that could help reduce fraud, inefficiencies, and informa-
tion asymmetry in the healthcare system. Building on the 
technology–organization–environment framework and 
integrating it with the TAM, our study uncovers a nota-
ble asymmetry whereby multiple factors influence adop-
tion intention, but fewer are truly essential for ensuring 
actual deployment. This asymmetry suggests that while 
perceived benefits, compatibility, and top management 
support significantly influence intention to adopt, the 
actual decision to implement the technology often hinges 
on a smaller set of critical enablers—particularly security, 
trust, and regulatory support.

Specifically, only perceived trustworthiness and data 
security emerged as both necessary and sufficient for 
facilitating adoption. In contrast, perceived usefulness, 
organizational readiness, and environmental pressure—
although important—were not always essential, and 
their influence varied across institutions. These insights 
indicate a critical shift for policymakers and health IT 
providers: instead of  promoting blockchain-based AI 
merely for its novelty or general efficiency, they must 
emphasize secure architecture, data privacy guarantees, 
and alignment with legal standards to increase adoption 
likelihood.

Therefore, blockchain-based AI should be positioned 
not just as a cutting-edge tool but as a robust, compliant, 
and trustworthy system that directly enhances opera-
tional transparency and minimizes fraud risks. Although 
this study provides a strong foundation for understand-
ing adoption drivers in the healthcare insurance context, 
several opportunities remain for future research. First, 
due to challenges associated with collecting sensitive 
institutional data, we relied on self-reported perceptions 
from industry professionals to reduce bias and gather 
informed insights. While various robustness checks were 
conducted, possible self-reporting and social desirability 
biases cannot be entirely excluded. Following method-
ological recommendations,20 we triangulated different 
data sources and measurement instruments to enhance 
reliability; nevertheless, these limitations should be con-
sidered when interpreting results.

While we did not directly observe full-scale imple-
mentation behavior, prior research supports behavioral 
intention as a reliable proxy for technology adoption.35,37 
Likewise, organizational readiness and perceived risk 
mitigation are valid indicators of actual adoption under 
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constrained environments, especially in the health sector. 
Given that decision-making in public health insurance 
organizations is highly structured and regulated, our find-
ings likely reflect genuine adoption tendencies.

Additionally, we controlled for organizational charac-
teristics such as size, funding model, and regulatory ex-
posure to increase accuracy. However, external factors 
such as vendor support, interoperability, and change 
management processes also play a crucial role in adoption 
behavior,47 and future studies should incorporate these 
dimensions.

Although our results offer a general reflection 
of  perceptual and strategic tendencies in adopting 
blockchain-based AI for transparency, further re-
search should incorporate longitudinal and perfor-
mance-based metrics to validate and extend these 
findings. Moreover, our sample consisted mainly of 
decision-makers and IT managers in public insurance 
institutions, which may not generalize to smaller or 
private entities. Future research should explore these 
relationships across different organizational structures 
to develop a broader understanding of  sustainable and 
secure technology adoption.

Finally, since this study was conducted within the Ira-
nian healthcare and organizational context, findings may 
be influenced by local institutional, cultural, and policy 
environments. As Hofstede’s (2001) dimensions suggest, 
trust in technology, data openness, and risk tolerance 
vary across cultures. For instance, perceived risk and trust 
may play a more substantial role in low-trust societies.48 

Therefore, cross-cultural and cross-sectoral studies are 
needed to evaluate how contextual factors shape block-
chain-based AI adoption in health systems globally.
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