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A B S T R A C T 

 

This study examines the determinants of emerging technology adoption (e.g., AI, blockchain, RPA, 

data analytics) in audit firms operating within a regulated environment, drawing on the Technology-

Organization-Environment (TOE) framework. It analyzes the direct effects of technological 

competence, organizational absorptive capacity, and institutional pressures, and investigates the 

moderating role of the environmental context on these relationships. A quantitative survey design was 

employed, collecting data from 114 audit professionals. The data were analyzed using Partial Least 

Squares Structural Equation Modeling (PLS-SEM), with measurement models ensuring reliability and 

validity and a structural model testing the hypotheses.  The results validate the TOE framework, 

showing that organizational context (absorptive capacity) is the strongest predictor of adoption (β = 

0.79, p < 0.001) followed by technological context (β = 0.67, p < 0.001) and environmental pressures 

(β = 0.34, p < 0.05). Crucially, normative pressure was found to be a significant positive moderator, 

while coercive and mimetic pressures were not. The study confirms that successful adoption in auditing 

hinges not just on technology but primarily on organizational learning capabilities and is significantly 

influenced by professional and regulatory norms. It offers practical insights for firms to prioritize 

capability building and for regulators to shape effective normative guidance, contributing to theory by 

integrating institutional and absorptive capacity perspectives into the TOE framework. 
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1. Introduction 

The accounting profession has traditionally focused on calculation, transaction recording techniques, and information 

generation (Henry & Hicks, 2015). With professional advancements, accounting is undergoing a technological 

transformation, and audit services are evolving accordingly. 

Digital transformation is characterized by the use of digital technologies to transform business processes, identify new 

revenue opportunities, and enable or improve business models (Majchrzak et al., 2016). This transformation presents 

significant research opportunities in auditing, such as understanding the factors influencing audit firms' decisions to adopt 

new technologies, the evolving knowledge demands placed on auditors, and the impact of emerging technologies on audit 

procedures (Witte, 2020). 

Among the emerging technologies most used by audit firms are big data, artificial intelligence (AI), robotics (RPA), 

cognitive automation, virtual assistants, intelligent automation, cloud computing, blockchain, drones, the Internet of Things 

(IoT), 3D printing, and computer vision (Montes & Goertzel, 2019). These technologies are employed to enhance processes 

and services. 

Previous studies have explored the effects of emerging technologies on firms, such as the use of big data and AI in data 

analysis (Warren et al., 2015) and external reporting (Al-Htaybat & Von Alberti-Alhtaybat, 2017). Others have examined 

the impact of digital technology on audit firm performance or risk analysis (Cao et al., 2015), the influence of technology 

on audit judgment quality (Brown-Liburd & Vasarhelyi, 2015), and the adoption of digital transformation in internal 

auditing (Vasarhelyi et al., 2015). However, there remains a gap in understanding the factors influencing the adoption of 

emerging technologies such as AI, big data, RPA, cloud computing, blockchain, drones, IoT, and audit data analytics 

(ADA) in external auditing (Widuri et al., 2019; Handoko, 2021). 

The TOE framework is widely applied in research on IT adoption at the firm level (Oliveira & Martins, 2011; Venkatesh 

& Bala, 2012). It posits that three contextual factors influence decisions to adopt emerging technologies: technological 

context, organizational context, and environmental context (Baker, 2012; Tornatzky & Fleischer, 1990). 

Given conflicting results regarding the role of the environmental context and its potential moderating effects (Rosli et al., 

2016; Oliveira et al., 2019), this study aims to analyze the moderating role of the environmental context in the relationship 

between technological and organizational contexts and the adoption of emerging technologies by audit firms in a regulated 

environment. 

2. Theoretical Framework 

The adoption of emerging technologies in auditing can be examined through the Technology–Organization–Environment 

(TOE) framework, which provides a holistic perspective on how firms embrace innovation. Originally developed by 

Tornatzky and Fleischer (1990) and widely applied in Information Systems research (Oliveira & Martins, 2011), the TOE 

framework emphasizes that technological, organizational, and environmental factors collectively shape the decision to 

adopt new technologies. In the auditing domain, this framework has been increasingly applied to explain the adoption of 

AI-driven analytics, blockchain-enabled assurance, and continuous auditing tools (Singh et al., 2023; Rahman & Alsmadi, 

2022; Appelbaum & Nehmer, 2017; Salijeni et al., 2019). 

2.1. Technological Context 

The technological dimension refers to the internal technological infrastructure and perceived benefits of adopting 

innovation. Firms with advanced IT capabilities are more likely to experiment with and integrate disruptive technologies, 

such as Robotic Process Automation (RPA), Blockchain, and AI-enhanced Audit Data Analytics (ADA) (Zhu & Kraemer, 

2005; Tsou & Hsu, 2015). Recent studies suggest that technological competence directly affects adoption intensity, as 

firms with robust data infrastructure can better leverage continuous auditing and augmented analytics (Vitali, 2024; 

ResearchGate, 2025; Low et al., 2011). Moreover, auditors’ perceptions of technological usefulness and ease of use, as 

posited by the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology 

(UTAUT), strongly moderate adoption behavior (Venkatesh et al., 2012; Ferreira & Reis, 2021; Chan & Chong, 2013). 

2.2. Organizational Context 

The organizational context includes leadership support, resources, culture, and absorptive capacity for innovation. Firms 

that encourage cross-functional collaboration and provide training for digital skills are more likely to adopt emerging 
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technologies in auditing (Zahra & George, 2002). For example, WestRock’s internal audit function leveraged generative 

AI by fostering a culture of experimentation and knowledge-sharing (Deloitte WSJ, 2024). Similarly, KPMG (2024) reports 

that Australian firms embracing AI-based tools benefit from stronger internal control systems and improved fraud 

detection. Absorptive capacity, as conceptualized by Flatten et al. (2011) and Cohen & Levinthal (1990), plays a central 

role in facilitating the acquisition, assimilation, transformation, and application of new knowledge. Recent empirical 

evidence suggests that higher levels of digital literacy among employees accelerate adoption and reduce resistance to 

change (Martins & Oliveira, 2023; Ali & Park, 2016; Youssef et al., 2015). 

2.3. Environmental Context 

The environmental dimension emphasizes external pressures, including coercive, normative, and mimetic influences 

(DiMaggio & Powell, 1983; Scott, 2003). In auditing, coercive pressures emerge from regulators mandating digital 

compliance, such as the PCAOB and IFAC’s emphasis on technology-driven audit quality (Dedoulis, 2016; Barr-Pulliam 

et al., 2022). Normative pressures stem from client expectations and professional networks advocating the use of advanced 

audit technologies (Mckinley & Mone, 2003; Coraiola & Machado-da-Silva, 2008). Mimetic pressures occur when 

organizations imitate competitors or industry leaders who adopt innovations, creating legitimacy and signaling 

trustworthiness (Rahman & Alsmadi, 2022; Carpenter & Feroz, 2001; Villadsen et al., 2010). The increasing globalization 

of audit markets and international benchmarking have amplified these pressures, making them critical to adoption decisions 

(Liang et al., 2007; Teo et al., 2003). 

2.4. Integration of TOE with Emerging Trends 

Recent scholarship argues that TOE should be integrated with dynamic capabilities theory to better capture the agility 

required in fast-changing digital environments (Wamba et al., 2023). For instance, organizations that develop dynamic 

capabilities in sensing, seizing, and reconfiguring resources are better positioned to adapt AI and blockchain tools in 

auditing practices (Bradley et al., 2011; Cui & Jiang, 2012). This integrated lens highlights that while technological 

readiness and organizational support are necessary, firms must also remain flexible in responding to evolving regulatory 

and competitive environments (DePietro et al., 1990; Oliveira, 2017). 

3. Hypothesis Development 

Drawing on TOE, the study posits that: 

• H1: Technological context positively influences the adoption of emerging technologies in auditing. 

• H2: Environmental pressures (coercive, normative, and mimetic) positively influence adoption. 

• H3: Organizational context (absorptive capacity and leadership support) has the strongest positive impact on adoption. 

These hypotheses are tested using PLS-SEM, enabling the examination of direct and mediating effects within a complex 

multi-construct model (Hair et al., 2014; Henseler & Fassott, 2010). 

4. Methodology 

4.1. Research Design 

This study adopts a quantitative research design, applying the Partial Least Squares Structural Equation Modeling (PLS-

SEM) technique to examine the relationships between technological, organizational, and environmental contexts and the 

adoption of emerging technologies in auditing. PLS-SEM is particularly appropriate when the objective is to predict key 

target constructs and when theoretical development is still emerging (Hair et al., 2021). Unlike covariance-based SEM, 

PLS-SEM does not require data normality and is suitable for small to medium-sized samples, making it widely used in 

accounting and information systems research (Hair et al., 2014). 

4.2. Data Collection and Sample 

Data were collected through a structured questionnaire distributed to auditors, managers, and IT professionals in auditing 

firms and corporate internal audit departments. The survey included items adapted from validated measurement scales in 

prior studies: 
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• Technological Context (CT): Adapted from Chan & Chong (2013), focusing on IT infrastructure readiness and familiarity 

with emerging technologies. 

• Organizational Context (CO): Adapted from Flatten et al. (2011), measuring absorptive capacity through acquisition, 

assimilation, transformation, and application of knowledge. 

• Environmental Context (CA): Adapted from Liang et al. (2007), capturing coercive, normative, and mimetic pressures. 

• Adoption of Emerging Technologies (ATE): Adapted from Venkatesh & Bala (2012), measuring adoption of tools such 

as RPA, Blockchain, and Audit Data Analytics (ADA). 

Responses were measured using a seven-point Likert scale ranging from 1 (“strongly disagree”) to 7 (“strongly agree”). 

The Likert scale provides granularity in capturing perceptions and attitudes, and has been widely employed in information 

systems adoption studies (Hair et al., 2021; Martins & Oliveira, 2023). 

4.3. Reliability and Validity 

The measurement model was assessed through Cronbach’s Alpha, Composite Reliability (CR), and Average Variance 

Extracted (AVE) to ensure internal consistency and convergent validity (Fornell & Larcker, 1981). Discriminant validity 

was tested using the Fornell–Larcker criterion and the Heterotrait–Monotrait (HTMT) ratio, as recommended by Henseler 

et al. (2015). Threshold values of Cronbach’s Alpha > 0.70, CR > 0.70, and AVE > 0.50 were considered acceptable for 

reliability and validity. 

4.4. Structural Model Assessment 

The structural model was evaluated using path coefficients, t-statistics, p-values, and R² values to assess explanatory power. 

Effect sizes (f²) and predictive relevance (Q²) were also reported. Bootstrapping with 5,000 resamples was performed to 

test the significance of hypothesized relationships, a method grounded in the work of Kenny & Judd (1984) and later 

advanced for PLS-SEM (Henseler & Fassott, 2010). The use of bootstrapping in PLS-SEM is recommended for robust 

hypothesis testing in auditing and information systems research  (See table 1 and figure 1 ) (Sarstedt et al., 2022; Hair et 

al., 2014). 

Tables on measurement items, reliability/validity statistics (See table 2), and PLS-SEM (See table 3) results are included. 

The following figure illustrates the theoretical research model based on the TOE framework. 

 

  

 

Figure 1: the theoretical research model 
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Table 1. Measurement Items by Context 

Context / Construct Measurement Item (7-point Likert 

scale) 

Source 

Technological Context Our IT infrastructure is adequate for 

adopting emerging technologies. 

Chan & Chong (2013) 

Technological Context Our employees are familiar with 

emerging technologies. 

Chan & Chong (2013) 

Environmental – Coercive 

Pressure 

Regulators expect our firm to adopt 

emerging auditing technologies. 

Liang et al. (2007) 

Environmental – Normative 

Pressure 

Our suppliers increasingly adopt 

emerging technologies. 

Liang et al. (2007) 

Environmental – Mimetic 

Pressure 

Competitors perceive adoption of 

emerging auditing technologies 

positively. 

Liang et al. (2007) 

Organizational – Acquisition Our firm frequently seeks information 

about emerging technologies. 

Flatten et al. (2011) 

Organizational – Assimilation Employees are encouraged to absorb 

new knowledge on technology 

adoption. 

Flatten et al. (2011) 

Organizational – 

Transformation 

Employees transform internal and 

external knowledge into new insights. 

Flatten et al. (2011) 

Organizational – Application Our firm regularly reconsiders and 

adapts emerging technologies. 

Flatten et al. (2011) 

Adoption of Emerging 

Technologies 

Our firm uses RPA, Blockchain, and 

Audit Data Analytics (ADA). 

Venkatesh & Bala (2012) 

 

Table 2. Reliability and Validity of Constructs 

Construct Cronbach’s 

Alpha 

Composite Reliability AVE 

Technological Context 0.932 0.914 0.78 

Environmental – Coercive 0.776 0.841 0.67 

Environmental – Normative 0.803 0.847 0.67 

Environmental – Mimetic 0.711 0.768 0.55 

Organizational – Acquisition 0.827 0.806 0.59 

Organizational – Assimilation 0.785 0.797 0.68 

Organizational – 

Transformation 

0.844 0.836 0.70 

Organizational – Application 0.966 0.969 0.91 

Adoption of Emerging 

Technologies 

0.897 0.908 0.71 

 

Table 3. Structural Model Results (PLS-SEM) 

Path β t-value p-value R² 

Technological Context → Adoption 0.673 4.758 0.000* 0.645 

Environmental Context → Adoption 0.341 6.648 0.019** 0.158 

Organizational Context → Adoption 0.787 6.830 0.000* 0.783 
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4.5. Ethical Considerations 

All responses were collected anonymously, ensuring confidentiality and voluntary participation. Ethical approval was 

obtained from the institutional review board of the authors’ affiliated university. Given the sensitivity of data in auditing 

practices, participants were assured that their responses would only be used for academic research purposes. 

5. Results and Discussion 

5.1. Measurement Model Evaluation 

The reliability and validity of the constructs were confirmed prior to hypothesis testing. All constructs achieved Cronbach’s 

Alpha values above the 0.70 threshold, and Composite Reliability (CR) exceeded 0.80, confirming internal consistency. 

Convergent validity was established with Average Variance Extracted (AVE) greater than 0.50 across all constructs, while 

discriminant validity was confirmed using the Fornell–Larcker criterion and HTMT ratios, both indicating adequate 

construct independence. These results align with recent recommendations for PLS-SEM analysis in accounting and 

information systems research (Hair et al., 2021; Sarstedt et al., 2022; Fornell & Larcker, 1981). 

5.2. Structural Model Results 

The structural model demonstrated substantial explanatory power, with R² values exceeding 0.60 for the adoption of 

emerging technologies (ATE). Path analysis revealed the following: 

• Technological context (H1): Strong positive influence on adoption (β = 0.67, p < 0.001), supporting findings by Zhu & 

Kraemer (2005) and Tsou & Hsu (2015). 

• Environmental pressures (H2): Moderate positive influence, particularly normative pressures from clients and regulators 

(β = 0.34, p < 0.05), consistent with the institutional theory perspectives of Dimaggio & Powell (1983) and Liang et al. 

(2007). 

• Organizational context (H3): The strongest predictor of adoption, reflecting the role of absorptive capacity and leadership 

support (β = 0.79, p < 0.001), which reinforces the foundational work of Zahra & George (2002) and Cohen & Levinthal 

(1990). 

These findings reinforce the view that while technology readiness and environmental forces matter, the organizational 

dimension—especially absorptive capacity and digital culture—is the most critical determinant of adoption in auditing 

practices (Flatten et al., 2011; Ali & Park, 2016). 

5.3. Discussion of Findings 

The results confirm and extend the Technology–Organization–Environment (TOE) framework in the context of auditing 

(Tornatzky & Fleischer, 1990; Baker, 2012). The strong impact of organizational capabilities highlights the importance of 

leadership, training, and cross-departmental collaboration in facilitating digital adoption. This is consistent with Flatten et 

al. (2011) and more recent evidence from Martins & Oliveira (2023), which emphasize absorptive capacity as a key enabler 

of innovation. 

The moderate role of environmental pressures suggests that while regulatory and competitive forces push firms toward 

digital transformation, external pressures alone are insufficient to ensure deep adoption (Rosli et al., 2016; Oliveira et al., 

2019). Instead, firms that integrate external expectations with internal capabilities achieve higher adoption levels, echoing 

findings by Rahman & Alsmadi (2022) on institutional pressures in technology adoption. 

Technological readiness remains significant, especially given the increasing importance of Audit Data Analytics (ADA), 

AI, and Blockchain in enhancing audit quality (Brown-Liburd & Vasarhelyi, 2015; Vasarhelyi et al., 2015; Pimentel & 

Boulianne, 2020). Case studies reinforce this: 

• WestRock (Deloitte WSJ, 2024): Successfully integrated Generative AI into internal audit, achieving efficiency gains and 

stronger risk detection. 

• KPMG (2024): Reported that 60% of Australian firms use AI in financial processes, demonstrating normative pressures 

from clients and industry peers (Glover et al., 2014; Teo et al., 2003). 
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• EY (Financial Times, 2024): Leveraged AI-powered fraud detection tools, reducing detection time and improving audit 

precision (Ding et al., 2020; Sun, 2019). 

5.4. Implications for Practice 

The findings suggest several implications: 

1. For practitioners: Audit firms must invest not only in technology but also in organizational learning and culture to fully 

capture the benefits of digital auditing. 

2. For regulators: Policies should encourage not only compliance with digital tools but also provide incentives for 

organizational training and digital literacy. 

3. For academia: Future research should integrate TOE with Dynamic Capabilities Theory to capture how firms sense and 

adapt to emerging audit technologies in rapidly evolving environments (Wamba et al., 2023). 

6. Conclusion and Future Research 

This study examined the adoption of emerging technologies in auditing through the Technology–Organization–

Environment (TOE) framework, using PLS-SEM to empirically test the influence of technological readiness, 

organizational capabilities, and environmental pressures. The results confirm that organizational context, particularly 

absorptive capacity and leadership support, exerts the strongest effect on adoption. Technological readiness also plays a 

significant role, while environmental pressures exert a moderate yet important influence. 

6.1. Practical Implications 

For practitioners, the findings underscore the necessity of aligning technological investments with organizational culture 

and training (Zahra & George, 2002; Youssef et al., 2015). Audit firms that foster digital literacy, encourage cross-

functional knowledge-sharing, and develop dynamic capabilities are better positioned to leverage AI, Blockchain, RPA, 

and Audit Data Analytics (ADA) (Cooper et al., 2019; Huang & Vasarhelyi, 2019; Santos et al., 2020). For regulators, the 

study highlights the importance of designing policy frameworks that not only enforce digital compliance but also 

incentivize firms to cultivate the human and organizational competencies required for effective adoption (Barr-Pulliam et 

al., 2021; Barr-Pulliam et al., 2022). For professional associations, such as IFAC and PCAOB, the results suggest the need 

to update audit guidelines to integrate continuous auditing and AI-enabled assurance practices (AICPA, 2014; Salijeni et 

al., 2019). 

6.2. Theoretical Contributions 

From a theoretical perspective, the study extends the TOE framework by integrating insights from institutional theory 

(coercive, normative, and mimetic pressures) and dynamic capabilities theory (Dimaggio & Powell, 1983; Bradley et al., 

2011). This hybrid perspective captures how firms not only respond to external pressures but also develop adaptive 

capabilities that enable sustained use of disruptive audit technologies (Wamba et al., 2023; DePietro et al., 1990). In doing 

so, the study contributes to ongoing debates about the future of the auditing profession in the digital era, emphasizing the 

interaction between structural determinants and organizational agility. 

6.3. Limitations and Future Research 

This study is not without limitations. Firstly, the data relies on self-reported perceptions, which may introduce social 

desirability bias. Future research could benefit from objective adoption metrics. Secondly, the sample, while robust, is from 

a single regulated environment; comparative studies across different countries could uncover cultural and regulatory 

nuances (Amorim et al., 2012). Future studies should also integrate other theoretical lenses, such as the Diffusion of 

Innovation Theory (DOI), to further understand the technological context, and employ qualitative methods to gain deeper 

insights into the implementation challenges and success factors of emerging technologies in audit practices. Finally, as 

technologies evolve, longitudinal studies will be crucial to understand the long-term impact of these adoptions on audit 

quality and efficiency. 

6.4. Final Reflection 

The findings suggest that the auditing profession is undergoing a fundamental transformation. By embracing digital 

innovation, auditors can transition from compliance-oriented tasks to strategic value creators, providing real-time insights 



                                                                                                                                                                                    

 

 

     STAP International Journal of Accounting and Business Intelligence Vol.2025, No.1       ISSN: 3105-3726  

                                   

 

 

 

 46 

 
 

 

that strengthen governance, accountability, and stakeholder trust. However, realizing this vision requires balancing 

technological innovation with organizational adaptation and ethical responsibility. As the profession enters the era of AI-

augmented auditing, collaboration among practitioners, regulators, and researchers will be essential to ensure that emerging 

technologies enhance—not compromise—the credibility and reliability of the audit function. 
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