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Abstract 

Applying Philippine Financial Reporting Standard (PFRS) 15 presented several challenges, including 

limited testing on whether Artificial Intelligence (AI) improves its implementation, a lack of Philippine 

data on PFRS 15 complexity, and the absence of variables linking AI and PFRS 15. This study evaluated 

whether respondents from selected Philippine auditing firms perceive AI as a valuable strategic resource 

in implementing PFRS 15. The study calculated the mean, standard deviation, and variance of survey 

responses and used PLS-SEM to explain relationships between AI-related and PFRS 15-related variables. 

Findings showed that respondents perceived low adoption of AI for PFRS 15 applications, but those with 

AI experience reported it was highly effective and that accuracy closely aligned with this effectiveness. 

The study recommended that auditing firms invest in staff training and AI technologies to enhance the 

implementation of PFRS 15. 

 

Keywords: Philippine Financial Reporting Standard (PFRS) 15, Artificial Intelligence (AI) -Driven 

Systems on Revenue Recognition, Financial Reporting Accuracy, Data Validation, Predictive Analytics, 
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Introduction 

Income is an increase in asset or a decrease in liability, resulting in increased equity, except for owner 

contributions or investments (IFRS 15, 2018). Income may take the form of revenue—income from a 

company's primary activities. Recognizing revenue is essential to financial reporting, as it reflects a 

company’s financial performance. To guide this, the International Accounting Standards Board (IASB) 

issued IFRS 15: Revenue from Contracts with Customers in May 2014. It became effective for accounting 

periods beginning January 1, 2018. The Financial and Sustainability Reporting Standards Council 

(FSRSC) adopted this as Philippine Financial Reporting Standard (PFRS) 15. Revenue recognition 

follows five steps: contract identification, identification of performance obligations, determination of the 

transaction price, allocation of the price to each obligation, and revenue recognition. 

Implementing PFRS 15 revealed several challenges (Osma, Conde & Mora, 2023), including high 

implementation costs, complexity, resistance to change, and information disclosure requirements. These 

challenges necessitate that companies upgrade their information technology systems, and, due to the 
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complex requirements of PFRS 15, the timing of revenue recognition may be delayed. In a study conducted 

in Cagayan (Manuel et al., 2019), difficulty in adopting the five–step model had the highest frequency 

(30.43%). 

Companies use Artificial Intelligence (AI) to increase operational productivity (Cardillo, 2025), and a 

2024 McKinsey and Company survey found that 50% to 72% of businesses used AI in their operations. A 

2023 survey by Forbes Advisor found that 30% of business owners use AI in their Accounting processes, 

and the majority believe AI will have a positive impact on their businesses. Noncompliance with the 

requirements of PFRS 15 would lead to unreliable revenue recognition, and thus, financial statements 

would not be faithfully represented. This may lead to wrong economic decision-making. 

Three research gaps were revealed between AI and Accounting. The first gap concerned the lack of studies 

testing the effectiveness of AI across the five steps of the revenue recognition model. The second gap was 

territorial, meaning that most inquiries came from North American or European samples, leaving 

Philippine specific insights underdeveloped. Finally, the third gap concerned linkage: there were no 

technology variables linking AI to financial reporting accuracy. 

 

Theoretical Framework 

The study was based on two viewpoints: the Technology Acceptance Model (TAM) and the Resource–

Based View (RBV). Figure 1 illustrates the fusion between TAM and RBV in relation to this study. The 

Technology Acceptance Model (TAM) is a seminal framework for explaining and predicting user adoption 

of new technologies. TAM theorizes that users’ behavioral intentions to use a system are chiefly 

determined by their perceptions of the system’s usefulness and ease of use (Lee et al., 2025). TAM 

identifies four factors that influence acceptance of new technology. The first factor is Perceived Usefulness 

(PU), which is the degree to which a person believes that using the technology will enhance their job 

performance or productivity (Lee et al., 2025). In the context of this study, Certified Public Accountants 

(CPAs) see that AI–driven systems may provide benefits (such as reducing manual transaction recording) 

in implementing PFRS 15. The second factor is Perceived Ease of Use (PEOU), which is the degree to 

which a person believes that using the technology will be effort-free (Lee et al., 2025). In the context of 

this study, CPAs see that AI–driven systems are easy to use, which reduces their resistance to using them. 

The third factor is Behavioral Intention to Use (BI), which is a user’s intention to use the technology that 

is directly influenced by PU and PEOU. In this study, when CPAs find the AI–driven system useful, they 

form a favorable intention to incorporate it into their workflow (Lee et al., 2025). The fourth factor is 

Actual System Use, which is the application of the technology in actual work. In the context of this study, 

CPAs regularly use an AI-driven system for revenue recognition transactions (i.e., the application of the 

five–step model) as part of their financial reporting process (Lee et al., 2025). 
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Figure 1: Application of TAM and RBV to Revenue Accountant’s 

 

Perception of AI – Driven Systems 

Existing studies have shown that applying TAM to Accounting and AI confirms their importance. For 

example, a study on accounting information systems found that both perceived usefulness and ease of use 

had significant positive effects on the intention to adopt new technology (Wicaksono et al., 2023). In 

another study, it was confirmed that TAM’s factors influence the acceptance of AI tools in the accounting 

profession (Kayser & Telukdarie, 2024). TAM allows external factors, such as training and company 

support, to indirectly affect the adoption of an AI–driven system. Providing such support to CPAs may 

increase PU or PEOU, thereby increasing system adoption. 

RBV is a concept of strategic management which suggests that a firm’s sustainable competitive advantage 

is derived from its unique resources and capabilities that are valuable, rare, inimitable, and organized 

(often abbreviated as the VRIO characteristics) (Chen et al., 2022). In the context of the study, an auditing 

firm may gain competitive advantage over other firms if it has an AI – driven system that is unique and 

cannot be easily acquired or copied by other firms (Chen et al., 2022). The effective use of AI tools in 

validating financial data, conducting predictive analytics, and performing risk assessments reflects not just 

tool adoption but the firm’s ability to transform such usage into unique organizational competencies. Firms 

that excel in this transformation gain a competitive edge in ensuring financial reporting accuracy and 

compliance, which are central to regulatory and client trust. If an AI - driven system provides superior 

functions in financial reporting (e.g., automatically parsing complex contracts, ensuring revenue is 

recognized according to the standard’s five-step model, and flagging inconsistencies or errors), it creates 

value for an auditing firm. This value manifests in improved financial reporting accuracy and reliability, 

more efficient compliance processes, and reduced risk of misstatement or regulatory non-compliance. In 

addition, auditing firms must have other functions (e.g., data management, trained personnel, and AI 

integration into workflows) to complement its AI – Driven system adoption. An AI-driven revenue 

recognition system becomes strategically meaningful only if and audit firm can absorb and utilize it. By 

examining the research problem through TAM and RBV, the researcher gains insight into both the human 

and organizational factors that determine the success of AI implementations in revenue recognition. 
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Conceptual Framework 

A conceptual framework comprises key concepts, variables, relationships, and assumptions that guide the 

academic inquiry. It establishes the theoretical foundations and provides a lens through which researchers 

can analyze and interpret data (Singh, 2025). It is designed to investigate how the adoption of AI-driven 

systems affects the implementation effectiveness of revenue recognition under PFRS 15. The framework 

involves three main variables, namely, AI System Adoption (AISA) as the independent variable, Financial 

Reporting Accuracy and Compliance (FRAC) as the mediating variable, and Effectiveness of PFRS 15 

Implementation (EPFRS) as the dependent variable. Figure 1 illustrates the framework and the 

relationships among the variables, while Table 1 summarizes the sub-variables per independent variable, 

mediating variable, and dependent variable. As shown in the model, the researcher hypothesizes that AISA 

has positive direct effects on both FRAC and EPFRS. This means that increasing AI adoption should 

improve reporting accuracy and compliance, and boost the execution of the five–step process. This is 

consistent with evidence that AI-powered accounting improves audit quality and report reliability. For 

example, Hasan (2021) found that introducing AI into auditing could enhance the reliability of financial 

reports, increase efficiency, and optimize auditors’ processes. The researcher further hypothesizes that 

FRAC is the reason why AISA has a positive effect on EPFRS. 

 

 
Figure 2: Conceptual Framework of Evaluating the Utilization of AI – Driven Systems in 

Implementing PFRS 15 on Revenue Recognition 

 

Table 1: Summary of Variables 

Independent Variable (IV) = AI System Adoption (AISA) 

Data Code Sub-Variable 

AISA_1 Contract Identification 

AISA_2 Performance Allocation 
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AISA_3 Transaction Price Determination 

AISA_4 Allocation 

AISA_5 Revenue Recognition 

Dependent Variable (DV) = Effectiveness of PFRS 15 Implementation (EPFRS) 

Data Code Sub-Variable 

EPFRS_1 Automating Contract Analysis 

EPFRS _2 Identifying Performance Obligations 

EPFRS _3 Pricing Optimization 

EPFRS _4 Allocation Accuracy 

EPFRS _5 Compliance Monitoring 

Mediating Variable (MEDV) = Financial Reporting Accuracy and Compliance (FRAC) 

Data Code Sub-Variable 

FRAC_1 AI-driven Data Validation 

FRAC _2 Predictive Analytics 

FRAC _3 Risk Assessment 

 

This study evaluates the use of AI–driven systems in implementing PFRS 15 by examining how Revenue 

Accountants (CPAs handling revenue transactions) in the Philippines perceive AISA's specific impact on 

each step of the five-step revenue recognition model: contract identification, performance obligations, 

transaction price determination, allocation, and revenue recognition. The study highlights AISA’s 

perceived effectiveness in automating contract analysis, identifying performance obligations, optimizing 

pricing, ensuring allocation accuracy, and monitoring compliance at each stage. Additionally, it 

investigates how AI-driven tools impact adherence to FRAC under PFRS 15, focusing on data validation, 

predictive analytics, and risk assessment. Finally, the study seeks to provide insights into AISA's influence 

on Revenue Recognition. 

 

Methodology 

The purpose of this study is to evaluate the implementation of AI–driven systems for revenue recognition 

under PFRS 15. The study employed a quantitative approach, which was deemed appropriate as the study 

seeks to gather structured, numerical data on hidden variables, namely AISA, EPFRS, and FRAC, by using 

standardized survey instruments. The collected data were subjected to advanced statistical modeling using 

Partial Least Squares Structural Equation Modeling (PLS-SEM), which is appropriate for analyzing 

complex relationships among variables, particularly for prediction and theory development (Hair et al., 

2021). The study aimed to assess naturally occurring perceptions and practices among Revenue 

Accountants and to observe and model these relationships in a real-world setting, adhering to the principles 

of observational research (Babbie, 2020). Using PLS–SEM, the study sought to elucidate the direct and 

indirect relationships among AISA, EPFRS, and FRAC, and whether EPFRS and FRAC are the reasons 

AISA exists. 

The study was conducted among two of the “Big Four” auditing firms in the Philippines, namely, Deloitte 

Philippines (Navarro, Amper & Co.) and PricewaterhouseCoopers Philippines (Isla Lipana & Co.), and 

Moore Philippines, a Mid -Tier auditing firm. Table 2 presents the population of Revenue Accountants per 

auditing firm, while Table 3 presents the sample size and the actual respondents per auditing firm. The 

number of Revenue Accountants per auditing firm was obtained through inquiry with each firm’s Human 
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Resource Department. In computing the sample size, the study used Cochran’s formula with a 90% 

confidence level and a 10% margin of error. Because the population is less than 10,000, the study used the 

Finite Population Correction (FPC) to adjust the sample size. Stratum weights were also computed to 

determine the proportion of each sample size within each auditing firm relative to the entire sample. 

 

Table 2: Respondent’s Population Distribution 

Accounting/Auditing Firm 
Revenue 

Accountants 

Moore Philippines 115 

Navarro, Amper & Co. (Deloitte) 400 

Isla Lipana & Co. (PwC) 750 

TOTAL N 1,265 

 

Table 3: Summary of the Sample Size Determination and Allocation to the Respondent Auditing 

Firms 

Accounting/Auditing Firm 
Stratum Weights 

(𝑾𝒉) 

Sample 

Size (𝒏𝒉) 

Actual 

Respondents 

Moore Philippines 9.38% 6 6 

Navarro, Amper & Co. (Deloitte) 31.25% 20 17 

Isla Lipana & Co. (PWC) 59.37% 38 19 

TOTAL 𝒏 100.00% 64 42 

 

To efficiently collect data, the researcher used a self-constructed questionnaire composed of 13 items 

through Google Forms. A secure hyperlink or QR code was distributed to the managing partners or 

department heads of participating auditing firms, who will disseminate it exclusively to their Revenue 

Accountants. All responses were summarized in a linked Google Sheet and were forwarded to the 

statistician for analysis. To interpret the responses meaningfully, the following four-point Likert scales 

were used (Table 4). 

 

Table 4: Four-Point Likert Scale Interpretations 

SOP 1: Perceived Extent of AI System Adoption in the Implementation of the 

PFRS 15 Five-Step Revenue Recognition Model 

Scale Interpretation 

4 Fully Adopted 

3 Mostly Adopted 

2 Minimally Adopted 

1 Not Adopted at all 

SOP 2: Perceived Effectiveness of AI System Adoption in Executing the 

PFRS 15 Revenue Recognition Process 

Scale Interpretation 

4 Very Effective 

3 Moderately Effective 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260272530 Volume 8, Issue 2, March-April 2026 7 

 

2 Slightly Effective 

1 Not Effective at all 

SOP 3: Perceived Level of Adherence to Financial Reporting Accuracy and Compliance under 

PFRS 15 as Supported by AI-Enabled Processes 

Scale Interpretation 

4 Fully Adhered 

3 Mostly Adhered 

2 Partially Adhered 

1 Not Adhered at all 

 

To determine the perceived extent of AISA among Revenue Accountants, perceived effectiveness of AISA 

in executing PFRS 15, and the perceived level of adherence to FRAC as reinforced by AISA, the researcher 

computed Mean, Variance, and Standard Deviation of the responses. This was important for identifying 

trends, the central tendency, and the dispersion of responses. Table 5 presents the verbal interpretations 

that were relevant to the data analysis in this study. 

 

Table 5: Four-Point Likert Scale Verbal Interpretations 

SOP 1: Perceived Extent of AI System Adoption in the Implementation of the 

PFRS 15 Five-Step Revenue Recognition Model 

Mean Verbal Interpretation (VI) 

3.25 – 4.00 Very High Extent (VHEX) 

2.50 – 3.24 High Extent (HEX) 

1.75 – 2.49 Low Extent (LEX) 

1.00 – 1.74 Very Low Extent (VLEX) 

SOP 2: Perceived Effectiveness of AI System Adoption in Executing the 

PFRS 15 Revenue Recognition Process 

Mean Verbal Interpretation (VI) 

3.25 – 4.00 Very High Effectiveness (VHEF) 

2.50 – 3.24 High Effectiveness (HEF) 

1.75 – 2.49 Low Effectiveness (LEF) 

1.00 – 1.74 Very Low Effectiveness (VLEF) 

SOP 3: Perceived Level of Adherence to Financial Reporting Accuracy and 

Compliance under PFRS 15 as Supported by AI-Enabled Processes 

Mean Verbal Interpretation (VI) 

3.25 – 4.00 Very High Adherence (VHA) 

2.50 – 3.24 High Adherence (HA) 

1.75 – 2.49 Low Adherence (LA) 

1.00 – 1.74 Very Low Adherence (VA) 

 

To draw insights from AISA and Revenue Recognition, the study employed PLS–SEM to model the 

relationships among AISA, FRAC, and EPFRS. In using PLS – SEM, convergent and discriminant validity 

were established. Convergent validity was assessed by computing the Average Variance Extracted (AVE), 
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and if AVE ≥ 0.50, the variable explains at least half of the indicator variance (Venturini & Mehmetoglu, 

2019). The AVE of AISA and EPFRS were 0.90 and 0.815, respectively. An AVE of this magnitude 

indicated that AISA’s indicators accounted for a very high proportion of variance in their underlying 

variable, suggesting that the items were highly representative of AI adoption behaviors in the PFRS 15 

context. The AVE of EPFRS suggested that respondents consistently recognized the effectiveness of AI-

driven processes across the five procedural steps of PFRS 15, resulting in high shared variance among 

indicators. Discriminant validity is used to explain that each variable is explained by its unique variance. 

To assess discriminant validity, the heterotrait–monotrait (HTMT) ratio of correlations was used. HTMT 

ratio is the ratio of the average correlations across constructs (heterotrait–heteromethod correlations) to 

the average correlations within the same construct (monotrait–heteromethod correlations) (Henseler et al., 

2015). An HTMT value close to 1 suggests that the variables are not empirically distinct, whereas a lower 

HTMT indicates they differ. Two cutoffs are available. A value of 0.85 is recommended when constructs 

are expected to be conceptually distinct, whereas a more lenient cutoff of 0.90 may be used when 

constructs are very similar. Discriminant validity is achieved when the HTMT ratio of a variable is below 

0.85 or below 0.90 (for similar variables). The study adopted the 0.90 cutoff as AISA and EPFRS are 

theoretically related based on TAM and RBV. The association between AISA and EPFRS yielded an 

HTMT ratio of 0.858, below the 0.90 cutoff. This indicated acceptable discriminant validity, meaning that 

while the constructs were meaningfully correlated, they did not measure the same underlying concept.  

The researcher estimated the following paths (AISA→FRAC, AISA→EPFRS, and FRAC→EPFRS) 

using PLS–SEM. To assess the model’s explanatory power, the coefficient of determination (R²) and 

adjusted coefficient of determination (AIC) were computed. R² ranges from 0 to 1, with higher values 

indicating greater explained variance. Common guidelines classify R² values as 0.26 (substantial), 0.13 

(moderate), and 0.02 (weak) (Cohen, 1988). R² values were 0.793 and 0.767, respectively. This suggested 

that almost 80% of the variance in EPFRS was explained by the model's predictors. Effect size and 

predictive relevance were also reported. Effect size calculates how much a dependent variable's R² changes 

when a specific independent variable is omitted from the model. Cohen (1988) suggests f² values of 0.02, 

0.15, and 0.35 correspond to small, medium, and large effects, respectively. The computed f² was 0.421, 

exceeding the threshold of 0.35, indicating a large effect size. This means that removing the key predictor 

would significantly reduce the model’s explanatory capability, highlighting the substantial contribution of 

AI system adoption and compliance-related accuracy to improving PFRS 15 implementation outcomes. 

Predictive relevance is a measure of the association between an independent and a dependent variable. If 

> 0, then the model has good predictive power. The computed Q² value of 0.355 confirmed that the model 

has strong predictive relevance. Variance Inflation Factors (VIF) are computed. VIF is necessary to 

determine if each variable in the model is not redundant and contributes uniquely to the model. VIF < 5 

indicates no redundancy of variables. The VIF score of 0.343 indicated that each variable contributed 

uniquely to the model, without redundancy. Finally, bootstrapping is done to produce path coefficients and 

other necessary parameters (Leguina, 2015). Resampling is done from the original sample, permitting 

strong statistical inference for small samples or complex data. The study used 5,000 resamples. 

This study strictly adhered to ethical standards governing research involving human participants. All 

procedures were carefully designed to protect respondents’ rights, privacy, and dignity throughout data 

collection and analysis. The Google Form included an informed consent statement outlining the study's 

purpose, the voluntary nature of participation, the estimated time commitment, assurances of 

confidentiality, and data protection. Respondents were informed that they had the right to withdraw at any 
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time or to skip any item they were not comfortable answering. Respondent’s personal information, such 

as names and email addresses, was not collected. All responses were stored in a secure Google Drive folder 

accessible only to the researcher and the assigned statistician. The data will be retained for academic 

purposes only and will be permanently deleted one year after the completion of the study. Should 

institutional review be required, full documentation is available for submission. 

 

Results and Discussion 

The following tables present the statistical analysis of data collected from the respondents and 

interpretation of these data. The results presented in Tables 6, 7 and 8 applied descriptive statistics while 

the results in Tables 9 and 10 applied PLS – SEM with bootstrapping. Table 6 summarized the current 

extent of AI adoption in using PFRS 15. Tables 7 and 8 summarized respondents’ perception on the 

usefulness of AI in applying PFRS 15 and if respondents perceive that FRAC is the reason why AI is used 

in applying PFRS 15. Tables 9 and 10 presented the direct and indirect path results between AISA, FRAC, 

and EPFRS. 

 

Table 6: Perceived Extent of AI System Adoption (AISA) among Revenue Accountants in the 

Philippines when implementing the PFRS 15 Five-Step Revenue-Recognition Model 

Research Indicators Mean SD Variance VI 

1. To what extent is AI integrated in identifying and 

verifying contracts with customers under PFRS 15? 

2.36 0.850 0.723 LEX 

2. To what extent is AI adopted in identifying distinct 

performance obligations within contracts? 

2.26 0.828 0.686 LEX 

3. To what extent is AI utilized in determining the 

transaction price based on contractual terms and 

relevant data inputs? 

2.43 1.016 1.031 LEX 

4. To what extent is AI implemented in allocating the 

transaction price across identified performance 

obligations? 

2.38 0.936 0.876 LEX 

5. To what extent is AI employed in recognizing 

revenue as performance obligations are satisfied 

under PFRS 15? 

2.29 0.944 0.892 LEX 

Overall Results 2.34 0.915 0.842 LEX 

 

In Table 6, the computed mean of 2.34, with a standard deviation of 0.915 and a variance of 0.842, 

indicated a Low Extent (LEX) of AI System Adoption among Revenue Accountants across the five PFRS 

15 steps. This suggested that while AI tools may be present in selected aspects of revenue accounting, they 

were neither consistently applied nor deeply embedded in revenue recognition processes. The standard 

deviations (0.828–1.016) and variances (0.686–1.031) indicated moderate variability in responses, 

suggesting that although AISA was generally low, differences across firms persist, potentially reflecting 

differences in technological capacity, system maturity, and workflow integration. The highest mean (M = 

2.43) appeared in transaction price determination, suggesting slightly greater exposure to AI-driven 

analytics in price-related computations. On the other hand, the lowest (M = 2.26) was for identifying 

distinct performance obligations, suggesting a notable gap in AI’s ability or in firms’ willingness to 
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automate judgment-intensive tasks related to contract disaggregation. These results indicated that AI 

technology has not yet achieved operational maturity in the revenue recognition workflows of most 

accounting and auditing firms in Metro Manila. This may be due to several factors such as high 

implementation cost and system-upgrade requirements (Osma, Conde & Mora, 2023), limited training and 

digital competence among accountants, organizational hesitation stemming from risk perception, 

regulatory scrutiny, and algorithm transparency concerns (Rana, Dwivedi & Akter, 2022), and the inherent 

complexity of PFRS 15, which demands professional judgment that AI tools may not yet fully replicate. 

It may be inferred that the auditing firms were still in the early stages of incorporating AI-driven tools into 

their revenue recognition workflows. This limited adoption was consistent across contract identification, 

performance-obligation analysis, transaction-price determination, allocation, and recognition, indicating 

that AI had not yet been systematically embedded into the technical processes required by the standard. 

 

Table 7: Perceived Level of Effectiveness of AI System Adoption in Each Step of the PFRS 15 

Revenue Recognition Model (EPFRS) 

Research Indicators Mean SD Variance VI 

1. How effective is AI in automating the extraction 

and analysis of contract terms relevant to revenue 

recognition? 

2.71 0.835 0.697 HEF 

2. How effective is AI in accurately identifying and 

classifying performance obligations in complex 

contractual arrangements? 

2.52 0.707 0.499 HEF 

3. How effective is AI in enhancing transaction price 

determinations through predictive modeling or rule-

based adjustments? 

2.64 0.759 0.577 HEF 

4. How effective is AI in improving the accuracy of 

transaction price allocations to performance 

obligations? 

2.60 0.828 0.686 HEF 

5. How effective is AI in monitoring compliance with 

PFRS 15’s recognition, measurement, and disclosure 

requirements? 

2.67 0.846 0.715 HEF 

Overall Results 2.63 0.795 0.635 HEF 

 

In Table 7, the computed mean score of 2.63, with a standard deviation of 0.795 and variance of 0.635, 

reflected a High Effectiveness (HEF) rating of AI-driven systems in enhancing PFRS 15 compliance 

across its five core procedural components. This suggested that Revenue Accountants recognized AI as 

substantially valuable for improving revenue recognition processes. The highest mean of 2.71 pertained 

to AI's effectiveness in automating contract analysis, indicating that respondents perceived AI as most 

helpful for extracting and reviewing contract terms relevant to PFRS 15. Conversely, the lowest mean of 

2.52 indicated AI’s accuracy in identifying and classifying performance obligations, suggesting this 

remained a difficult aspect for AI to fully master due to the task's interpretive and judgment-based nature. 

Moderate standard deviations (0.707–0.846) suggested a relatively consistent perception among 

respondents. While AISA was at a Low Extent, its effectiveness was perceived as high, suggesting that 

Revenue Accountants acknowledged the benefits across the five–step model. The pattern indicated that AI 
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was most effective when operating on structured, data-heavy tasks—such as contract extraction, 

transaction price computation, and compliance monitoring—while interpretive tasks that require 

professional judgment—such as identifying performance obligations—still relied more heavily on human 

expertise. The findings point to the emphasis that AI was particularly useful for contract review, pattern 

recognition, and anomaly detection (Solanki & Manduva, 2024), a Rules Engine in AI for automated 

revenue recognition, explaining its effectiveness in allocation accuracy, compliance monitoring, and 

handling transactional data (Berwanger, 2025), and AI’s advantage in dynamic pricing and analytical 

computations (Huang & Rust, 2021 and Momin & Mishra, 2024). From the theoretical perspectives of 

TAM and RBV, these results implied that perceived usefulness, a major determinant of behavioral 

intention, was already well established, and that increasing adoption (AISA) was likely to further 

strengthen both financial reporting accuracy (FRAC) and overall implementation effectiveness (EPFRS). 

 

Table 8: Perceived Level of Adherence to Financial Reporting Accuracy and Compliance (FRAC) 

under PFRS 15 

Research Indicators Mean SD Variance VI 

1. To what extent does AI contribute to accurate and 

real-time validation of financial data for PFRS 15 

compliance? 

2.55 0.832 0.693 HA 

2. To what extent does AI-supported predictive 

analytics improve foresight and decision-making in 

revenue recognition practices? 

2.67 0.846 0.715 HA 

3. To what extent does AI enhance the identification 

and mitigation of risks related to financial reporting 

and PFRS 15 compliance? 

2.55 0.832 0.693 HA 

Overall Results 2.59 0.837 0.700 HA 

 

In Table 8, the overall mean of 2.59, with a standard deviation of 0.837 and variance of 0.700, indicated a 

High Adherence (HA) to financial reporting accuracy and compliance supported by AI-driven tools. All 

three indicators fell within the HA range, with mean values ranging from 2.55 to 2.67, suggesting that 

respondents consistently perceived AI as beneficial for PFRS 15 compliance. The highest rating, 2.67, was 

for AI-supported predictive analytics, indicating that Revenue Accountants viewed AI’s ability to provide 

foresight and decision support as particularly impactful in improving revenue recognition practices. 

Meanwhile, the indicators related to real-time data validation (M = 2.55) and risk mitigation (M = 2.55) 

also received high adherence ratings, reflecting a strong belief that AI enhanced accuracy by reducing 

manual errors, detecting anomalies, and elevating the reliability of financial information. Variances 

between 0.693 and 0.715 indicated moderate variability, suggesting that most respondents shared similar 

perceptions of AI's role in ensuring compliance under PFRS 15. 

The high adherence levels suggest that Revenue Accountants are gradually relying on AI to validate data, 

identify inconsistencies, and assess compliance risks, especially given the heavy judgment and 

documentation required under PFRS 15. The high rating for predictive analytics implied that Revenue 

Accountants recognize AI’s capability to forecast potential reporting issues, enabling better preparation 

and mitigation strategies. These findings also hinted at a broader organizational shift toward integrating 

AI into quality-assurance functions, demonstrating growing trust in AI-assisted decision-making in 
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financial reporting contexts. These findings closely reflected insights emphasized across studies by 

Pallathadka et al. (2023) and Huang & Rust (2021), who underscored that AI provides value to a firm 

through predictive analytics and enhanced decision–making. The high adherence results also confirm that 

AI reduced restatements, improved audit quality, and strengthened fraud detection, all key aspects of 

revenue recognition (Fedyk et al., 2022). 

Overall, the findings demonstrated that AI significantly enhanced organizational adherence to financial 

reporting accuracy and compliance under PFRS 15. The consistently high scores across all indicators 

showed that AI-driven data validation, predictive analytics, and risk mitigation collectively improved the 

integrity, transparency, and reliability of revenue-related disclosures. When viewed alongside SOP 1 and 

SOP 2, a developing pattern becomes evident: although AI adoption (AISA) was still low, its perceived 

effectiveness (EPFRS) and contribution to reporting accuracy (FRAC) were both high. This triangulated 

result proposed that increased AISA would likely generate faithfully represented reports. 

 

Table 9: Bootstrapped Direct Model Parameter Estimates (AISA → EPFRS) 

Latent Observed Estimate 
Standard 

Error 

95% Confidence 

Interval 𝜷 𝑷 −  𝑽𝒂𝒍𝒖𝒆 

Lower Upper 

AISA AISA1 0.934 0.041 0.798 0.987 0.934 < 0.00001 

AISA2 0.938 0.036 0.824 0.990 0.938 < 0.00001 

AISA3 0.979 0.023 0.918 1.014 0.979 < 0.00001 

AISA4 0.943 0.030 0.857 0.987 0.943 < 0.00001 

EPFRS EPFRS1 0.839 0.067 0.649 0.938 0.839 < 0.00001 

EPFRS2 0.940 0.055 0.769 1.015 0.940 < 0.00001 

EPFRS3 0.903 0.047 0.723 0.965 0.903 < 0.00001 

EPFRS4 0.926 0.060 0.758 1.013 0.926 < 0.00001 

 

The PLS-SEM direct path results (Table 9) demonstrated a statistically robust and significant causal effect 

of AI System Adoption on the Effectiveness of PFRS 15 Implementation, with a path coefficient of β = 

0.934, a narrow 95% confidence interval [0.798, 0.987], and a p-value < 0.00001. This indicated that as 

auditing firms increased their adoption of AI-driven systems, whether through automated contract analysis 

tools, machine-learning-based transaction-price algorithms, rule-based allocation engines, or compliance-

monitoring software, the effectiveness of PFRS 15 implementation also increased. All indicator loadings 

were very strong for both AISA (0.934–0.979) and EPFRS (0.839–0.926), confirming excellent 

measurement reliability and stable latent-variable representation. These results showed that Revenue 

Accountants consistently associated higher levels of AI adoption with significant improvements in the 

execution of the PFRS 15 model, reinforcing the consistent pattern found where AI was already perceived 

as highly effective and highly compliance-enhancing. These findings implied that AI-driven tools acted as 

a decisive mechanism enabling Revenue Accountants to navigate the technical and judgment-intensive 

requirements of PFRS 15. Even though adoption remained low in practice, the extremely high coefficient 

suggested that when AI tools were used, they yielded meaningful improvements in accuracy, consistency, 

judgment support, and process efficiency. The positive direct effect of AISA on EPFRS suggests that 

auditing firms adopting AI may mitigate burdens in applying PFRS 15, such as contract analysis, 

performance-obligation identification, allocation, and disclosure, thereby reducing workload, training 
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costs, and the risk of misapplication. The findings also supported that AI systems, such as Beagle, excel 

at identifying terms and enforceable rights in a contract (Solanki and Manduva, 2024). Furthermore, the 

findings confirmed that a Rules Engine serves as the foundational logic layer for automated revenue 

recognition (Berwanger, 2025) and that, when coupled with AI, the output can be enhanced through pattern 

recognition, predictive modeling, and anomaly detection, thereby improving the timing and accuracy of 

revenue recognition. 

The very strong, positive, and significant effect (β = 0.934; p < 0.00001) indicates a significant positive 

relationship between AI adoption and the effectiveness of PFRS 15 revenue recognition steps. The findings 

confirmed that AISA was a powerful determinant of EPFRS. Despite limited adoption in practice, the high 

coefficient indicates that auditing firms that integrate AI into revenue workflows achieve substantially 

improved compliance, accuracy, and execution of the five-step revenue recognition model. When 

triangulated with the descriptive findings (i.e., Low AISA, High EPFRS, High FRAC), the PLS-SEM 

confirmed a consistent statistical pattern: AI improves reporting quality and standard compliance when 

used. 

 

Table 10: Bootstrapped Indirect Path Model Significant Parameter Estimates 

Effect Estimate 
Standard 

Error 

95% Confidence 

Interval 𝜷 𝑷 − 𝑽𝒂𝒍𝒖𝒆 

Lower Upper 

AISA12 -> FRAC1 -> EPFRS -0.108 0.291 -2.397 -0.124 -0.073 < 0.050 

AISA12 -> FRAC2 -> EPFRS -0.158 0.649 -1.238 -1.024 -0.107 < 0.010 

AISA22 -> FRAC2 -> EPFRS 0.253 0.701 -1.258 -1.149 0.168 < 0.050 

AISA52 -> FRAC1 -> EPFRS -0.052 0.272 -2.205 -0.127 -0.030 < 0.050 

 

Across the four significant indirect pathways presented in Table 10, the results confirmed that FRAC 

functioned as a statistically significant mediator between AISA and EPFRS. Although the estimates vary 

in magnitude and sign due to item-level nuances, all p-values fell below the 0.050 threshold, indicating 

that FRAC indeed accounted for a meaningful portion of AISA’s influence on PFRS 15 implementation. 

The indirect effects involving FRAC1 (Data Validation) showed that when AI enhanced real-time 

validation, anomaly detection, and accuracy checks, it indirectly supported EPFRS by reducing errors in 

contract processing, allocation, and disclosure. The indirect pathways involving FRAC2 (Predictive 

Analytics), particularly the AISA2 → FRAC2 → EPFRS effect, exerted the strongest mediating influence, 

confirming that AI-generated foresight, trend analysis, and predictive modeling significantly enhanced 

accountants’ ability to perform transaction price determinations, evaluate performance obligation 

fulfillment, and anticipate issues in measurement and disclosure. This aligned with the descriptive results, 

which showed that FRAC2 had the highest mean among the FRAC indicators. The indirect effects 

involving FRAC3 (Risk Identification & Mitigation) indicated that AI contributed to EPFRS by detecting 

compliance risks, inconsistencies, and ambiguities in revenue classification that may otherwise jeopardize 

adherence to PFRS 15. Even modest coefficients reflected how AI-supported risk mitigation alleviated the 

implementation of the PFRS 15 model by reducing misstatements and control failures. Overall, the 

significant indirect pathways validated that AISA's influence on EPFRS was partially transmitted through 

AI's data accuracy, predictive strength, and compliance-risk mitigation functions. These findings implied 

that AI further improved PFRS 15 implementations by strengthening the accuracy, analytical foresight, 
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and risk management functions required to correctly apply PFRS 15. AI-driven data validation (FRAC1) 

ensured that contract data, transaction-price inputs, and allocation bases were accurate. AI-supported 

predictive analytics (FRAC2) empowered Revenue Accountants with decision-support insights, enabling 

better forecasting of revenue trends, identification of fulfillment timing, and allocation planning. AI-based 

risk mitigation (FRAC3) prevented compliance errors that commonly arise in disclosures and 

measurements. Collectively, these mechanisms formed a strong mediating layer, confirming that AISA 

improves and enhances the application of PFRS 15. 

Because AISA significantly predicted FRAC across its indicators, the findings confirmed that AI adoption 

significantly improved accuracy, predictive analytics, and risk mitigation. Since FRAC significantly 

predicted EPFRS across the indirect pathways, the findings verified a significant positive relationship 

between FRAC and EPFRS (i.e., improvements in FRAC were associated with higher EPFRS). The 

mediation analysis confirmed that FRAC served as a significant and meaningful pathway through which 

AI adoption enhanced the effectiveness of PFRS 15 revenue-recognition processes. 

 

Conclusions and Recommendations 

The limited extent of AISA adoption across the five-step revenue recognition model in PFRS 15 confirmed 

that auditing firms have not yet fully implemented AI–driven systems for transactions involving revenue 

recognition. The status may be attributed to factors such as high maintenance cost, technological 

unemployment, resistance by Revenue Accountants, technological breakdowns and failures, and 

nontransparency. On the other hand, Revenue Accountants perceived that AI is highly effective at each 

step of the revenue recognition model. They showed assurance that AI – driven systems were beneficial 

in the implementation of PFRS 15. Because Revenue Accountants perceived that AI is highly effective in 

applying PFRS 15, they also believed that AI has high compliance with financial reporting requirements. 

They believed that applying AI enhances the reporting requirements of PFRS 15, leading to faithful 

representation of revenue transactions, improved forecasting of revenue data to make better economic 

decisions in the future, reduced manual errors, and detection of irregularities in PFRS 15 applications. 

These indirect paths (AISA → FRAC → EPFRS) indicate that data validation, predictive analytics, and 

risk mitigation corroborate the significant positive relationship between AISA and EPFRS. Thus, 

respondents perceived AI's usefulness and viewed it as a strategic resource that could give an audit firm a 

competitive advantage. 

The researcher recommended that auditing firms invest in AI–driven systems specifically designed for 

revenue recognition under PFRS 15. Such a system may include features such as Beagle for contract 

identification and a Rules Engine for measurement and compliance with PFRS 15. Auditing firms may 

host seminars showing the capability of AI in applying PFRS 15 and can present a cost – benefit analysis 

of incorporating this system in the current workflow. This move by auditing firms should have the support 

of professional bodies (e.g., the Board of Accountancy, and the Philippine Institute of Certified Public 

Accountants) to boost AI’s legitimacy and credibility in the accountancy profession. Finally, for future 

researchers, this research may serve as a stepping stone to further investigate whether the size of an 

auditing firm (e.g., revenue volume or number of CPAs employed) may affect AI adoption under PFRS 

15. The researcher further suggests an output model that may aid in developing an AI system specifically 

designed for PFRS 15 (Figure 2). 
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Figure 3: AI-Enabled PFRS 15 Implementation Enhancement Model 

 
 

Findings revealed that the implementation of PFRS 15 mainly depended on manual procedures. To bridge 

this gap, the model introduces strategic enablement mechanisms as a necessary transitional component. 

These mechanisms include organizational investment in AI-driven systems, professional training and 

upskilling of revenue accountants, integration of AI-related competencies into academic curricula, and the 

establishment of governance and validation controls. Following strategic enablement, the model advances 

to enhanced AI system adoption, wherein AI tools are systematically integrated into accounting workflows 

and revenue recognition processes. This stage reflects a shift from limited or ad hoc use to more consistent, 

structured AI applications. Central to the framework is Financial Reporting Accuracy and Compliance 

(FRAC), which operates as a mediating mechanism. Consistent with the study's results, improved AI 

adoption enhances financial reporting accuracy through AI-driven data validation, predictive analytics, 

and risk assessment. This translates to strengthened accuracy and compliance with PFRS 15. The model 

then leads to the Effectiveness of PFRS 15 Implementation, reflecting respondents' high perceived 

effectiveness of AI when it is used. The model demonstrates that AI-driven systems contribute to effective 

PFRS 15 implementations not solely through automation, but also by enhancing accuracy, compliance, 

and process reliability. 
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