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In the digital era, advanced technologies have played an increasingly important role in auditing 

by enhancing efficiency and supporting the reliability of financial information. However, prior research 

has largely emphasized the direct effects of technology on audit quality, with limited attention to the 

underlying processes. This study examines the effect of advanced audit technology capability on audit 

quality, with audit process efficiency as a mediating mechanism. Data were collected from 310 certified 

public accountants (CPAs) in Thailand and analyzed using covariance-based structural equation modeling 

(CB-SEM). The results indicate that advanced audit technology capability significantly improves audit 

process efficiency, which in turn enhances audit quality. Furthermore, some technologies influence 

audit quality only indirectly through audit process efficiency, while others exhibit both direct and 

indirect effects, highlighting the heterogeneous roles of different technologies. This study contributes 

by providing a process-based explanation of how technological capability is translated into audit 

outcomes. The findings offer both theoretical insights and practical guidance for audit firms in effectively 

integrating advanced technologies into audit processes to improve audit quality.
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ในยุุคดิิจิิทััล เทคโนโลยีีขั้้�นสูงมีีบทบาทสำำ�คััญมากขึ้้�นในงานสอบบััญชีี โดยช่่วยเพิ่่�มประสิิทธิิภาพและสนัับสนุุน
ความน่่าเชื่่�อถืือของข้้อมููลทางการเงิิน อย่่างไรก็็ตาม งานวิิจััยที่่�ผ่่านมาให้้ความสำำ�คััญกัับผลกระทบทางตรงของ
เทคโนโลยีีต่่อคุุณภาพการสอบบััญชีีเป็็นหลััก โดยยัังให้้ความสนใจต่่อกระบวนการพื้้�นฐานที่่�อยู่่�เบื้้�องหลัังค่่อนข้้างจำำ�กััด 
การศึึกษาน้ี้�มีีวัตถุุประสงค์์เพื่่�อศึึกษาผลกระทบของความสามารถด้้านเทคโนโลยีีการสอบบััญชีีขั้้�นสููงที่่�มีีต่่อคุุณภาพ 
การสอบบััญชีี โดยพิิจารณาประสิิทธิิภาพกระบวนการสอบบััญชีีเป็็นตัวแปรสื่่�อกลาง ข้้อมููลถูกเก็็บรวบรวมจากผู้้�สอบบััญชีี
รัับอนุุญาต (CPAs) ในประเทศไทย จำำ�นวน 310 คน และวิิเคราะห์์ด้้วยแบบจำำ�ลองสมการโครงสร้้างแบบอิง 
ความแปรปรวนร่่วม (CB-SEM) ผลการวิิจััยพบว่่า ความสามารถด้้านเทคโนโลยีีการสอบบััญชีีขั้้�นสููงมีีอิิทธิิพลเชิิงบวก
ต่่อประสิิทธิิภาพกระบวนการสอบบััญชีี ซึ่่�งส่่งผลให้้คุุณภาพการสอบบััญชีีเพิ่่�มขึ้้�น นอกจากนี้้� เทคโนโลยีีบางประเภท 
ส่่งผลต่่อคุุณภาพการสอบบััญชีีทางอ้้อมผ่่านประสิิทธิิภาพกระบวนการสอบบััญชีีเท่่านั้้�น ในขณะที่่�บางประเภทมีีทั้้�ง
อิิทธิิพลทางตรงและทางอ้้อม สะท้้อนให้้เห็็นถึงบทบาทที่่�แตกต่่างกัันของเทคโนโลยีีแต่่ละประเภท การศึึกษาน้ี้� 
มีีส่่วนช่่วยในการอธิิบายเชิิงกระบวนการว่่าความสามารถทางเทคโนโลยีีถููกถ่่ายทอดไปสู่่�ผลลัพธ์์ด้้านการสอบบััญชีี 
ได้้อย่่างไร และให้้ทั้้�งข้้อค้้นพบเชิิงทฤษฎีีและแนวทางเชิิงปฏิิบััติิสำำ�หรัับสำำ�นัักงานสอบบััญชีีในการบููรณาการเทคโนโลยีี
ขั้้�นสููงเข้้าสู่่�กระบวนการสอบบััญชีีอย่่างมีีประสิิทธิิภาพ เพื่่�อยกระดัับคุณภาพการสอบบััญชีี
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INTRODUCTION
In the digital era, technological advancements have significantly reshaped organizational operations, 

particularly in accounting and financial reporting systems. These systems increasingly rely on digital 

technologies for data collection, processing, and reporting, enabling organizations to handle large 

volumes of complex financial information more efficiently (Manita et  al., 2020; Pristiwanto et  al., 

2025). At the same time, stakeholders expect financial information to be accurate, timely, and reliable 

for decision-making purposes. As a result, concerns regarding the credibility and quality of financial 

reporting have continued to grow, reinforcing the importance of auditing in enhancing information 

reliability and stakeholder confidence (Cameran et al., 2022).

In response to these developments, auditing practices have gradually evolved alongside 

technological progress. While earlier technologies were mainly adopted to improve data storage 

and processing efficiency, recent developments have introduced more advanced tools, such as data 

analytics, artificial intelligence, blockchain, and continuous auditing (Milad, 2022; Eulerich et  al., 

2023; Huang et al., 2022; Sharma & Jarial, 2024). These technologies allow auditors to analyze large 

datasets, identify unusual patterns, and perform audit procedures in a more systematic manner. As 

a result, auditors are able to devote less time to routine tasks and more attention to analytical 

evaluation and professional judgment. In this context, advanced audit technology capability can be 

understood as the auditor’s ability to effectively apply these technologies within audit processes 

(Gokoglan et al., 2022; Vitali & Giuliani, 2024).

Building on task–technology fit theory (Goodhue & Thompson, 1995), performance is likely to 

improve when technological functionalities are aligned with task requirements. Auditing tasks are 

inherently complex, as they involve extensive data processing, risk assessment, and the detection 

of irregularities. When advanced audit technologies are appropriately applied in ways that match 

these task characteristics, they can improve audit process efficiency by increasing processing speed, 

reducing manual errors, and supporting more structured audit procedures. In turn, a more efficient 

audit process tends to support more thorough audit execution, improve the quality of audit evidence, 

and facilitate the application of professional judgment. This ultimately increases the likelihood 

of detecting material misstatements and strengthens the reliability of audit opinions (Ditkaew & 

Suttipun, 2023; Isa & Subramanian, 2024; Nwadialor & Obi, 2020; Noordin et al., 2022). In this sense, 

audit process efficiency can be viewed as an important mechanism through which advanced audit 

technology capability contributes to audit quality.

Although a growing number of studies have examined the role of technology in auditing, much 

of the existing literature tends to emphasize the direct relationship between technology adoption 



109วารสารวิิชาชีีพบััญชีี  ปีีที่่� 22 ฉบัับท่ี่� 75  กัันยายน 2569

How Advanced Audit Technology Capability Influences Audit Quality:  

The Mediating Role of Audit Process Efficiency

and audit quality (Ditkaew & Suttipun, 2023; Isa & Subramanian, 2024). Comparatively less attention 

has been given to the underlying processes through which technological capability translates into 

audit outcomes. In particular, the mediating role of audit process efficiency has not been examined 

in a systematic manner. In addition, prior research often considers audit technologies separately, 

rather than reflecting their combined and multidimensional nature, especially in emerging market 

settings such as Thailand.

To address these issues, this study examines the effect of advanced audit technology capability 

on audit quality, with audit process efficiency considered as a mediating mechanism. By applying 

task–technology fit theory in the auditing context, the study seeks to provide a clearer explanation 

of how technological capabilities are translated into audit outcomes. The findings are expected to 

contribute to the literature by offering further insight into the role of audit processes in technology-

enabled auditing, while also providing empirical evidence from an emerging market context.

Research Objectives

This study aims to examine the effect of advanced audit technology capability on audit quality 

by incorporating audit process efficiency as a mediating mechanism. Specifically, the objectives are 

as follows:

1.	To investigate the effect of advanced audit technology capability on audit process efficiency.

2.	To examine the effect of audit process efficiency on audit quality.

3.	To analyze the indirect effect of advanced audit technology capability on audit quality through 

audit process efficiency.

LITERATURE REVIEW

Task–Technology Fit Theory
Task–technology fit (TTF) theory explains how the alignment between technological capabilities 

and task requirements influences individual and organizational performance. The theory posits that 

information systems and technologies are more likely to enhance performance when their functionalities 

match the demands of the tasks being performed, rather than merely being adopted or available. 

In this sense, performance outcomes are not determined solely by the presence of technology, but 

by how well that technology supports task execution. TTF emphasizes that different tasks require 

different technological features, and a higher degree of fit leads to improved efficiency, effectiveness, 

and overall task performance. This perspective has been widely applied in information systems and 

organizational research to explain how technology contributes to productivity and decision-making 

outcomes (Goodhue & Thompson, 1995; Zigurs & Buckland, 1998; Dishaw & Strong, 1999).
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In the context of auditing, TTF theory provides a useful framework for explaining how advanced 

audit technology capability contributes to audit outcomes through process-level improvements. 

Auditing tasks involve complex activities such as large-scale data processing, risk assessment, and 

anomaly detection, which require technologies capable of handling high data volume and analytical 

complexity. When advanced audit technologies are effectively aligned with these task requirements, 

they enhance audit process efficiency by improving processing speed, reducing manual errors, and 

enabling more structured and systematic audit procedures (Eulerich et al., 2023; Huang et al., 2022; 

Vitali & Giuliani, 2024). In turn, improved audit process efficiency supports more effective audit 

execution, enhances the quality of audit evidence, and strengthens professional judgment, ultimately 

leading to higher audit quality (Ditkaew & Suttipun, 2023; Isa & Subramanian, 2024). Accordingly, TTF 

theory suggests that advanced audit technology capability does not influence audit quality solely 

through direct effects, but operates through audit process efficiency as a key underlying mechanism.

Advanced Audit Technology Capability
Advanced audit technology capability refers to the auditor’s perceived capability to effectively 

apply advanced auditing tools and techniques to support audit performance (Sayal et al., 2025). In 

this study, the construct reflects auditors’ assessments of their capability to utilize advanced audit 

technologies rather than the actual implementation level of such technologies within audit firms. In 

modern auditing, this capability is typically viewed as a multidimensional construct encompassing 

four key components: data analytics, artificial intelligence, blockchain technology, and continuous 

auditing. These technologies enable auditors to process large volumes of data, automate complex 

and repetitive tasks, enhance data reliability, and facilitate real-time monitoring, thereby improving the 

efficiency and scope of audit processes (Milad, 2022; Sewpersadh, 2025). As auditing increasingly moves 

from traditional, sample-based approaches toward data-driven and technology-enabled practices, 

the integration of these capabilities becomes critical in strengthening audit process efficiency and, 

ultimately, enhancing audit quality. Together, these dimensions represent the major technological 

functionalities required in modern auditing environments and collectively capture auditors’ capability 

to effectively utilize advanced technologies throughout the audit process (Manita et al., 2020; Eulerich 

et al., 2023; Vitali & Giuliani, 2024; Sewpersadh, 2025).

Data analytics enables auditors to analyze entire datasets rather than relying on sampling, thereby 

improving audit coverage and anomaly detection. By supporting real-time monitoring and predictive 

analysis, it enhances audit process efficiency through faster processing and more accurate identification 

of high-risk areas (Ditkaew & Suttipun, 2023; Sari, 2024). This, in turn, improves the reliability of audit 
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evidence and increases the likelihood of detecting material misstatements, contributing to higher audit 

quality (Nwadialor & Obi, 2020; Isa & Subramanian, 2024). According to task–technology fit theory, 

data analytics aligns closely with audit tasks involving large-scale data processing, risk assessment, 

and anomaly detection. This alignment enables auditors to perform audit procedures more efficiently 

and effectively, thereby improving audit process efficiency and enhancing audit quality (Abdelwahed 

et al., 2025; Celestin, 2020; Sari, 2024).

Artificial intelligence improves auditing by automating complex and repetitive tasks, including 

risk assessment and anomaly detection. Its ability to process large volumes of data and learn from 

patterns reduces manual effort and human error, thereby enhancing audit process efficiency (Binh, 

2025; Huang et al., 2022). In addition, AI enables more precise risk identification and supports more 

effective audit procedures, leading to improved audit quality (Kokina et al., 2025; Yin, 2023; Qatawneh, 

2024). From a task–technology fit perspective, artificial intelligence is particularly suited to complex 

audit tasks such as pattern recognition, risk identification, and anomaly detection. As a result, AI can 

improve the efficiency of audit processes and support higher-quality audit outcomes (Nugraha, 2024; 

Rahman et al., 2024; Shazly et al., 2024).

Blockchain technology provides a secure and immutable record of transactions, allowing auditors 

to verify data directly from the source. This reduces reliance on third-party confirmations and simplifies 

audit trails, thereby improving audit process efficiency. At the same time, enhanced data integrity 

supports the collection of reliable audit evidence, strengthening the credibility of audit findings and 

contributing to higher audit quality (Arianpoor & Borhani, 2025; Gokoglan et al., 2022; Qader & Cek, 

2024; Ziemba et al., 2025). Task–technology fit theory suggests that blockchain technology is highly 

compatible with audit tasks requiring transaction verification, audit trail validation, and evidence 

reliability. This fit facilitates more efficient audit procedures and strengthens audit quality through 

improved data integrity and transparency (Anis, 2023; Bellucci et  al., 2022; Bonsón & Bednárová, 

2019; Bonyuet, 2020).

Continuous auditing enables real-time monitoring of transactions, allowing auditors to identify 

risks and anomalies as they occur. This reduces delays in issue detection and enhances audit process 

efficiency. Moreover, timely and relevant audit evidence supports more proactive audit practices and 

improves audit quality (Alles et al., 2006; Meiryani et  al., 2021; Rikhardsson et al., 2019; Wang, W., 

& Vasarhelyi, 2024). According to task–technology fit theory, continuous auditing fits audit tasks that 

require real-time monitoring and continuous risk assessment. This compatibility enables auditors to 

respond more promptly to emerging issues, thereby improving audit process efficiency and supporting 

audit quality (Almasoudiv& Al-Refiay, 2023; Lee et al., 2014; Rezaee et al., 2002).
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Advanced audit technologies enhance audit process efficiency by improving data processing, 

reducing errors, and supporting more systematic audit procedures. As efficiency increases, auditors are 

better able to obtain reliable evidence and perform audit tasks more effectively, which in turn leads 

to higher audit quality. Accordingly, advanced audit technology capability is expected to influence 

audit quality through audit process efficiency.

Audit Process Efficiency
Audit process efficiency refers to the extent to which audit activities are performed in a timely, 

systematic, and resource-effective manner while maintaining the appropriateness of audit procedures. 

It reflects how well key audit stages—such as planning, risk assessment, and evidence collection—are 

executed in a structured and coordinated way, rather than simply emphasizing speed or cost reduction 

(Friska & Agustia, 2025; Sulaiman et al., 2018). Importantly, audit process efficiency also involves the 

effective allocation of audit resources, including time, personnel, and technological tools, to ensure 

that audit objectives are achieved without compromising audit standards. In this sense, efficiency is 

not solely about doing tasks faster, but about performing audit procedures in a way that enhances 

both consistency and reliability across different audit engagements.

In complex audit environments, efficient processes enable auditors to handle large volumes 

of data, conduct more comprehensive risk assessments, and obtain sufficient and appropriate audit 

evidence. As audit procedures become more systematic and consistent, auditors are better able to 

detect material misstatements and reduce the likelihood of oversight. Moreover, improved efficiency 

allows auditors to devote greater attention to analytical evaluation and professional judgment, 

rather than routine or repetitive tasks. Thus, audit process efficiency plays a critical role in shaping 

how audit activities are conducted and serves as an important driver of audit quality (Sayal et al., 

2025; Xiao et al., 2020). Although audit process efficiency and audit quality are closely related, audit 

process efficiency focuses on the effectiveness of audit procedures, whereas audit quality reflects 

the reliability and credibility of audit outcomes.

Audit Quality
Audit quality refers to the extent to which an audit increases the likelihood of detecting and 

reporting material misstatements in financial statements. It is conceptualized as an outcome of the 

audit, reflecting the reliability and credibility of audit conclusions provided to stakeholders (Christensen 

et al., 2016; Akuoko-Sarpong et al., 2024; Rajgopal et al., 2021). In fulfilling their responsibility, auditors 

provide an independent and professional opinion on whether financial statements are prepared, in 
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all material respects, in accordance with generally accepted accounting principles, thereby enhancing 

users’ confidence in reported information. High audit quality is reflected in accurate and unbiased audit 

opinions, clear and understandable communication, comprehensive and reliable risk assessment, and 

the timely issuance of audit reports (Oraka & Okegbe, 2015). These outcomes collectively enhance 

the credibility and usefulness of financial reporting for decision-making purposes (Alsughayer, 2021; 

Noordin et al., 2022).

Research Hypotheses
Hypothesis 1: Advanced audit technology capability, including (a) data analytics, (b) artificial 

intelligence, (c) blockchain technology, and (d) continuous auditing, have positive effects on audit 

process efficiency.

Hypothesis 2: Advanced audit technology capability, including (a) data analytics, (b) artificial 

intelligence, (c) blockchain technology, and (d) continuous auditing, have positive effects on audit 

quality.

Hypothesis 3: Audit process efficiency has a positive effect on audit quality.

Hypothesis 4: Advanced audit technology capability has a positive indirect effect on audit quality 

through audit process efficiency.

RESEARCH METHODOLOGY

Population and Sample
The population of this study consists of certified public accountants (CPAs) in Thailand who 

consented to publicly disclose their contact information with the Federation of Accounting Professions 

under the Royal Patronage of His Majesty the King. CPAs were selected because they possess direct 

professional experience in audit planning, evidence evaluation, risk assessment, and audit reporting, 

making them suitable respondents for evaluating advanced audit technology capability in auditing 

practice. According to the official registry, a total of 1,205 CPAs were listed as eligible participants 

(Federation of Accounting Professions, 2025). Data collection was conducted between October 1, 

2025 and December 31, 2025. Questionnaires were distributed by postal mail to all eligible CPAs. A 

follow-up reminder was sent one month after the initial distribution to encourage participation and 

improve the response rate. A total of 318 questionnaires were returned. However, eight questionnaires 

were excluded due to incomplete responses. Consequently, 310 valid responses were retained for 

the final analysis, representing a response rate of 25.73%. This sample size is considered adequate for 

structural equation modeling (SEM), as a minimum of 200 observations is generally recommended for 
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reliable model estimation. In addition, the study includes 26 observed indicators, and the obtained 

sample exceeds the recommended threshold of at least 10 responses per indicator, further supporting 

the adequacy of the sample size for statistical analysis and hypothesis testing (Hair et al., 2019).

Research Instrument
This study employed a structured questionnaire developed based on the research objectives and 

conceptual framework. The measurement items were developed from a review of relevant literature 

and prior studies to ensure consistency with the conceptual definitions of the constructs examined in 

this study. The instrument comprised four sections. Section 1 collected demographic information of 

certified public accountants (CPAs) in Thailand using a checklist format. Sections 2–4 were measured 

using a five-point Likert scale. Specifically, Section 2 assessed advanced audit technology capability 

with 16 items across four dimensions: data analytics, artificial intelligence, blockchain technology, and 

continuous auditing. The measurement items assessed respondents’ perceived capability in applying 

advanced audit technologies in auditing practice. Section 3 measured audit process efficiency with 

6 items, while Section 4 evaluated audit quality with 6 items.

Common Method Bias
To assess the potential risk of common method bias, Harman’s single-factor test was conducted 

using all measurement items. The results indicated that the first factor accounted for 34.26% of the 

total variance, which is below the recommended threshold of 50%. Therefore, common method bias 

was unlikely to be a serious concern in this study.

Data Analysis
Data were analyzed using covariance-based structural equation modeling (CB-SEM) with Mplus 

software. The analysis was conducted in two stages. First, the measurement model was evaluated 

to assess reliability and validity, including convergent validity (factor loadings, AVE, and CR) and 

discriminant validity (Fornell–Larcker criterion). Second, the structural model was examined to test 

the hypothesized relationships among constructs. In addition, indirect effects were assessed using the 

bootstrap method with 5,000 resamples to estimate standard errors and significance levels. Model 

fit was evaluated using multiple goodness-of-fit indices, including χ²/df, RMSEA, CFI, TLI, and SRMR, 

based on recommended thresholds. Standardized coefficients were reported for the measurement 

and structural model analyses.
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RESULTS

Descriptive Statistics
Table 1 presents the descriptive statistics of the study constructs. Overall, respondents report 

relatively high levels of agreement across all constructs, with mean scores ranging from 3.806 to 

3.910. For Data analytics (DA), the overall mean is 3.806 (S.D. = 0.789), with DA4 receiving the highest 

mean score (4.042) and DA2 the lowest (3.581). Artificial intelligence (AI) has an overall mean of 

3.835 (S.D. = 0.807), with AI4 reporting the highest mean (4.061) and AI1 the lowest (3.619). Blockchain 

technology (BC) records a mean of 3.810 (S.D. = 0.798), where BC4 has the highest mean (4.023) and 

BC1 the lowest (3.597). Continuous auditing (CA) has an overall mean of 3.855 (S.D. = 0.813), with CA4 

obtaining the highest mean (4.081) and CA2 the lowest (3.639). Audit process efficiency (AP) records 

the highest construct mean (3.910, S.D. = 0.818), with AP6 showing the highest mean (4.142) and AP1 

the lowest (3.697). Finally, Audit quality (AQ) has a mean of 3.878 (S.D. = 0.820), with AQ6 receiving 

the highest mean (4.152) and AQ1 the lowest (3.652).

Table 1	 Descriptive Statistics

Construct Number of items Mean S.D. Lowest item (Mean) Highest item (Mean)

DA 4 3.806 0.789 DA2 (3.581) DA4 (4.042)

AI 4 3.835 0.807 AI1 (3.619) AI4 (4.061)

BC 4 3.810 0.798 BC1 (3.597) BC4 (4.023)

CA 4 3.855 0.813 CA2 (3.639) CA4 (4.081)

AP 6 3.910 0.818 AP1 (3.697) AP6 (4.142)

AQ 6 3.878 0.820 AQ1 (3.652) AQ6 (4.152)

Measurement Model Assessment
Convergent validity was assessed using factor loadings, average variance extracted (AVE), and 

composite reliability (CR). As reported in Table 2, all factor loadings ranged from 0.757 to 0.863, 

exceeding the recommended threshold of 0.70 (Hair et  al., 2019), indicating satisfactory indicator 

reliability. In addition, the AVE values ranged from 0.641 to 0.697, which are above the minimum 

acceptable level of 0.50 (Fornell & Larcker, 1981), suggesting that the constructs adequately capture 

the variance of their indicators.
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Furthermore, composite reliability (CR) values ranged from 0.877 to 0.924, exceeding the 

recommended threshold of 0.70 (Hair et al., 2019), indicating that all constructs exhibit a high level 

of internal consistency reliability at the construct level. In addition, Cronbach’s alpha coefficients 

ranged from 0.872 to 0.918, also above the acceptable threshold of 0.70 (Cronbach, 1951; Hair 

et  al., 2019), further supporting the internal consistency of the measurement scales. Accordingly, 

these results confirm that the measurement model demonstrates adequate convergent validity and 

reliability (see Table 2).

Table 2	 Construct Validity and Internal Consistency Reliability

Construct Factor Loadings AVE CR Cronbach’s α

DA 0.773–0.837 0.641 0.877 0.873

AI 0.757–0.854 0.654 0.883 0.872

BC 0.821–0.863 0.697 0.902 0.888

CA 0.770–0.840 0.663 0.887 0.879

AP 0.760–0.852 0.653 0.919 0.915

AQ 0.801–0.860 0.671 0.924 0.918

Table 3	 Results of Discriminant Validity Assessment Using the Fornell–Larcker Criterion

Construct DA AI BC CA AP AQ

DA 0.801

AI 0.301 0.809

BC 0.318 0.301 0.835

CA 0.129 0.211 0.247 0.814

AP 0.285 0.382 0.311 0.172 0.808

AQ 0.247 0.281 0.338 0.190 0.648 0.819

Discriminant validity was evaluated using the Fornell–Larcker criterion. As shown in Table 3, the 

square root of the AVE for each construct (ranging from 0.801 to 0.835) is greater than the corresponding 

inter-construct correlations. This indicates that each construct is empirically distinct and captures 

phenomena not represented by other constructs. In addition, the relatively low correlations among 
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constructs further support the absence of redundancy across latent variables. Therefore, discriminant 

validity is established, and no multicollinearity issues are detected among the constructs (Fornell 

& Larcker, 1981) (see Table 3)

Model Fit Assessment
The overall model fit was evaluated using multiple goodness-of-fit indices, including chi-square 

(χ²), the ratio of chi-square to degrees of freedom (χ²/df), the root mean square error of approximation 

(RMSEA), the comparative fit index (CFI), the Tucker–Lewis index (TLI), and the standardized root mean 

square residual (SRMR). The results, as presented in Table 4, indicate that the model demonstrates 

an excellent fit to the data (Hair et  al., 2019). These indices provide a comprehensive and robust 

assessment of model fit.

Specifically, the chi-square value was 365.257 with 332 degrees of freedom and was not statistically 

significant (p = 0.101), suggesting that the model is consistent with the observed data. The χ²/df 

value was 1.101, which is below the recommended threshold of 3.00, indicating a good model fit. 

In addition, the RMSEA value was 0.018, which is well below the acceptable level of 0.05, reflecting 

a close fit. These results indicate minimal discrepancy between the hypothesized model and the 

empirical data. Moreover, the narrow confidence interval of RMSEA further supports the stability of 

the model fit.

Furthermore, the incremental fit indices also demonstrated excellent values, with CFI = 0.994 and 

TLI = 0.993, both exceeding the recommended threshold of 0.95. The SRMR value was 0.037, which 

is below the acceptable cutoff of 0.08, indicating a good fit between the observed and predicted 

covariance matrices. Overall, these results confirm that the proposed structural model fits the 

empirical data well and is appropriate for subsequent hypothesis testing. The consistent fit indices 

support the adequacy of the model.

Table 4	 Results of Model Fit Analysis

χ2 (df, p) χ2/df (< 3) RMSEA (< 0.050) CFI (≥ 0.950) TLI (≥ 0.950) SRMR (≤ 0.080)

365.257 (332, p = 0.101) 1.101 0.018 0.994 0.993 0.037
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Hypothesis Testing
Table 5 presents the results of the causal structural equation model analysis using the CB-SEM 

approach. The findings revealed that advanced audit technology capability dimensions exerted positive 

effects on audit process efficiency. Specifically, data analytics had a positive and significant effect 

on audit process efficiency (β = 0.161, p < .01). Artificial intelligence was found to be the strongest 

predictor, exerting the highest positive effect (β = 0.336, p < .01). Blockchain technology also showed 

a positive and significant effect (β = 0.251, p < .01). In addition, continuous auditing had a positive but 

marginally significant effect (β = 0.103, p < .10). Therefore, Hypothesis 1a–1d was supported.

Regarding the direct effects on audit quality, the results indicated that data analytics (β = 0.187, 

p < .01) and blockchain technology (β = 0.257, p < .01) had significant positive effects on audit quality. 

Thus, Hypothesis 2a and 2c was supported. However, artificial intelligence (β = 0.001, p > .10) and 

continuous auditing (β = 0.081, p > .10) did not exhibit significant effects. Therefore, Hypothesis 2b 

and 2d was not supported. In addition, audit process efficiency was found to have a positive and 

significant effect on audit quality (β = 0.371, p < .01), supporting Hypothesis 3.

Furthermore, the mediation analysis revealed that advanced audit technology capability exerted 

indirect effects on audit quality through audit process efficiency. Specifically, data analytics (β = 0.060, 

p < .05), artificial intelligence (β = 0.125, p < .01), and blockchain technology (β = 0.093, p < .01) 

demonstrated significant indirect effects. Continuous auditing also showed a marginally significant 

indirect effect (β = 0.038, p < .10). These results confirm that audit process efficiency serves as a 

mediating mechanism. Therefore, Hypothesis 4 was supported.
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Table 5	 Results of the Structural Equation Model Analysis

Path DE IE via AP TE

DA → AP 0.161 (0.058)*** – –

AI → AP 0.336 (0.056)*** – –

BC → AP 0.251 (0.057)*** – –

CA → AP 0.103 (0.055)* – –

DA → AP → AQ 0.187 (0.054)*** 0.060 (0.025)** 0.247 (0.059)***

AI → AP → AQ 0.001 (0.059) 0.125 (0.030)*** 0.126 (0.063)**

BC → AP → AQ 0.257 (0.056)*** 0.093 (0.026)*** 0.350 (0.067)***

CA → AP → AQ 0.081 (0.052) 0.038 (0.024)* 0.119 (0.054)*

AP → AQ 0.371 (0.060)*** – –

* p < 0.10, ** p < 0.05, *** p < 0.01, a standardized coefficients and standard errors (S.E.) in parentheses. 
Note: DA = Data Analytics; AI = Artificial Intelligence; BC = Blockchain Technology; CA = Continuous Auditing; 
AP = Audit Process Efficiency; AQ = Audit Quality; DE = Direct Effect; IE = Indirect Effect; TE = Total Effect.

Data
Analytics

Audit Process
Efficiency 

Audit
Quality

Artificial
Intelligence

Blockchain
Technology

Continuous
Auditing

0.161***

DE 0.081, IE 0.038*, TE 0.119*

DE 0.257***, IE 0.093***, TE 0.350***

DE 0.001, IE 0.125***, TE 0.126**

DE 0.187***, IE 0.060**, TE 0.247***

0.336***

0.371***

0.251***
0.103*

Figure 1 Results of the CB-SEM analysis using Mplus
* Note: DE = Direct Effect; IE = Indirect Effect; TE = Total Effect. * p < .10, ** p < .05, *** p < .01
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DISCUSSION
This study aims to examine the effect of advanced audit technology capability on audit quality 

by incorporating audit process efficiency as a mediating mechanism, thereby addressing a key gap 

in prior research that has largely focused on direct relationships while overlooking the underlying 

process through which technological capabilities translate into audit outcomes. The findings reveal 

that advanced audit technology capability significantly enhances audit process efficiency, which in turn 

improves audit quality. This result is consistent with the perspective of task–technology fit theory, 

suggesting that when technological capabilities are aligned with the requirements of audit tasks, 

performance outcomes are improved. In the auditing context, technologies such as data analytics, 

artificial intelligence, blockchain, and continuous auditing contribute to more structured, systematic, 

and data-driven audit processes, ultimately strengthening audit effectiveness and reliability. This finding 

is in line with prior research indicating that the application of advanced technologies enhances audit 

performance through improved data processing, risk assessment, and the quality of audit evidence 

(Ditkaew & Suttipun, 2023; Eulerich et al., 2023; Huang et al., 2022).

The results further provide important insights into the mechanism through which advanced audit 

technology capability influences audit quality. It was found that certain technologies, particularly 

artificial intelligence and continuous auditing, do not exert a significant direct effect on audit quality 

but instead influence audit quality indirectly through audit process efficiency. This suggests that these 

technologies primarily function as enablers of more efficient and structured audit processes, rather 

than directly improving audit outcomes. Moreover, audit quality ultimately depends on auditors’ 

professional judgment, evaluation of audit evidence, and decision-making, which may limit the direct 

contribution of artificial intelligence and continuous auditing to audit quality. This explanation is 

consistent with prior studies highlighting that artificial intelligence and continuous auditing enhance 

audit effectiveness through process improvements such as automation, real-time monitoring, and 

systematic audit procedures (Huang et  al., 2022; Meiryani et  al., 2021; Rikhardsson et  al., 2019). In 

contrast, data analytics and blockchain technology exhibit both direct and indirect effects, indicating 

that they not only improve audit processes but also directly enhance the reliability and transparency 

of audit evidence (Gokoglan et al., 2022; Nwadialor & Obi, 2020). These findings highlight the critical 

role of audit process efficiency as a central mechanism linking technological capability to audit 

outcomes, indicating that improvements in audit processes significantly enhance audit quality.

In summary, This study suggests that audit process efficiency serves as a key mechanism through 

which advanced audit technology capability is associated with audit quality. The findings suggest that 

the benefits of advanced audit technologies are realized primarily through process-level improvements 
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that enable more systematic, consistent, and reliable audit execution. It should be noted that the 

findings reflect auditors’ perceived capability in applying advanced audit technologies rather than 

the actual level of technology implementation within audit firms. Furthermore, because this study 

is based on cross-sectional survey data, the findings should be interpreted as indicating associations 

among the constructs rather than definitive causal relationships. Therefore, the observed relationships 

should be interpreted as perceived benefits associated with advanced audit technology capability, 

particularly in contexts where the adoption of advanced technologies may still vary across audit firms. 

Consequently, organizations and auditors should not only focus on adopting advanced technologies 

but also emphasize their effective integration into audit processes to maximize their contribution to 

audit quality.

IMPLICATIONS

Theoretical Implications
This study addresses a key gap in prior research by moving beyond a direct-effect perspective and 

demonstrating that advanced audit technology capability influences audit quality through a process-

based mechanism. The findings confirm that audit process efficiency functions as a critical explanatory 

pathway, consistent with TTF. These findings provide empirical support for TTF by suggesting that 

technological capabilities are more likely to contribute to favorable audit outcomes when they are 

aligned with the requirements of audit tasks. Importantly, the results reveal that different technologies 

play distinct roles. Artificial intelligence and continuous auditing affect audit quality only indirectly, 

while data analytics and blockchain technology exhibit both direct and indirect effects. This indicates 

that technological capability does not operate uniformly but depends on how it is embedded in 

audit processes. By integrating a multidimensional view of technology with a mediating mechanism, 

this study refines the theoretical explanation of how digital capabilities are translated into audit 

outcomes and strengthens the application of TTF in the auditing context.

Practical Implications
The findings suggest that improving audit quality requires more than technology adoption. Audit 

firms should focus on aligning technologies with audit processes to enhance efficiency. The results 

show that artificial intelligence and continuous auditing do not generate direct benefits unless 

they are integrated into workflow design. Therefore, firms should emphasize process restructuring, 

standardization, and auditor capability development. In addition, audit firms should strengthen 

their technology readiness to support the effective integration of advanced audit technologies into 
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audit processes. In contrast, data analytics and blockchain technology provide both immediate 

and process‑driven benefits, indicating that investment strategies should vary across technologies. 

Particular attention should also be given to smaller audit firms, which may face resource and 

capability constraints in adopting advanced audit technologies. Overall, the value of advanced audit 

technologies depends on effective implementation within audit processes, not on adoption alone.

Limitations and Directions for Future Research
1.	This study employs cross-sectional data, which limits the ability to establish causal relationships 

over time. Future research may adopt longitudinal or panel data to examine the dynamic effects of 

advanced audit technology capability and audit process efficiency on audit quality.

2.	The data were collected from certified public accountants in Thailand, which may constrain 

the generalizability of the findings. Future studies could extend the analysis to different institutional 

settings or conduct cross-country comparisons to enhance external validity.

3.	This study focuses on audit process efficiency as the primary mediating mechanism. However, 

other relevant mechanisms, such as auditor judgment, professional skepticism, or audit effort, were 

not included. Future research may incorporate these variables to provide a more comprehensive 

explanation.

4.	Advanced audit technology capability was examined as a multidimensional construct, but the 

interaction effects among different technologies were not explored. Future studies could investigate 

how combinations of technologies jointly influence audit outcomes using configurational or interaction-

based approaches.
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