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Abstract 

Artificial intelligence (AI) is being used today to address various management accounting functions, including strategic cost 
tracking, capital budgeting and performance forecasting, by the integration of its unprecedented computational power to 
financial decision-making. Deep learning models, however, suffer from the "black box" effect which makes them seriously 
challenged for accountability of managers and corporate governance. In this paper, we draw together what is learnt from 
recent empirical research and case analysis and explore how the non-interpretability of models impacts strategic decisions 
using AI for resource allocation when those decisions are heavily reliant on AI output. Based on research on financial 
misstatement detection, capital budgeting applications, and public sector accountability, we illustrate how a lack of 
transparency in AI systems affects auditability, poses accountability risks, and leaves a burden of accountability which 
traditional practices are not sensitive to. The study introduces a hybrid approach “Explainable AI (XAI) plus deterministic 
governance plus human-in-the-loop”. The results suggest that while AI helps to improve predictive accuracy and analytical 
productivity, it will require organizations to create strong data governance frameworks, deploy AI interpretability tools like 
SHAP Value Plots, and keep advisors at the helm of key decisions to ensure accountability. The study will be of interest to 
anyone involved in powering AI's emergence in management accounting and provides real-world guidance on algorithmic 
efficiency and responsible accountability. 
 
Keywords: Explainable AI, Management Accounting, Corporate Governance, Black Box Problem, Managerial Accountability, 
Capital Budgeting, Financial Transparency. 

 

1. Introduction 
The transformation of management accounting as a discipline has been happening rapidly in the last 5 years, 
as almost three quarters (74.2%) of all academic publications relating to management accounting have been 
published since 2020. Technologies facing a growing trend of human analytical processes and human 
judgment, such as strategic cost tracking, capital budgets and performance forecasting, are being influenced 
by artificial intelligence, notably the development of deep learning models. The potential benefits of these 
technologies are intriguing: They can handle vast amounts of data, detect intricate patterns, and accurately 
predict loads better than traditional statistical approaches. 
But what makes AI very useful, its ability to capture non-linear relationships and identify small patterns within 
big data with high-dimensional variables, makes it very hard to know what's happening inside. It's the “black 
box” problem, a fundamental issue of corporate governance and managerial accountability. If, for instance, 
strategic resource allocation relies on insights that only AI can provide, but cannot be easily explained or 
audited, then there is an issue of responsibility for results, of explaining the results to others, and of whether 
there may be unjustified biases systemically forever. 
The vision of management accounting – transparency, documentation, and auditability – is at a turning point. 
AI's uptake in management accounting has been greater than the development of governance frameworks for 
accountability, as evidenced in recent systematic accounts. Advances in technology and the lack of 
organizational readiness have become more apparent in the decisions made in operations, approvals, and 
internal discussions. 
This paper tackles the core research question: How does the lack of ABS transparency of the AI outputs impact 
corporate governance and managerial accountability in contexts and when strategic resource allocation 
decisions are heavily dependent on AI outputs? Drawing on empirical evidence, case analysis, and theoretical 
models, we explore how AI opacity can affect governance arrangements, the new tools provided by 
explainable AI (XAI) technologies, and the organizational skills needed to enact the responsible use of AI in 
management accounting environments. 
 
This paper is organized as follows:- 

mailto:uddiptanayanmedhi@gmail.com


 

807 
 

Adolescencia e Saude, vol. 21, No.9s, p. 806-815 

• Section 2 presents the theoretical and empirical evidence related to management accounting, the black 
box problem and to the governance challenges affecting the use of AI in the function of management 
accounting.  

• Section 3 is a comparative study of empirical results from recent studies.  

• Section 4 builds up an integrated framework for responsible application of AI.  

• Section 5 Data analysis and interpretations in  

• Section 6 For questions and suggestions for future.  

• Section 7 concludes. 
 

2. Literature Review: 
 
2.1 Artificial Intelligence in Management Accounting 
In the past Management accounting has played a role that supports managers' decisions making process to 
develop strategies and keep suppliers informed on how they are performing, by providing relevant information 
both financial and non-financial. Consequently, the job of a management accountant is not only shifting from 
budgetary control and costing to strategic business advisory, but technological innovation is rapidly speeding 
up this shift. 
AI technologies have added capabilities over a number of management accounting areas. AI aids in real-time 
data collection and analysis, enabling more accurate and effective predictions in capital budgeting as it relates 
to historical data and market developments. Machine-learning models are able to uncover complex irregular 
patterns that cannot be accessed by traditional methods, thus enhancing the quality and accuracy of 
investment decisions. AI-driven predictive analytics has emerged as a key weapon in enhancing business 
agility, risk management, and competitive edge. 
The adoption of AI in a Activity Based Project Costing system has showed to be useful in enhancing project 
financial performance as well as in advancing general project administration practices through innovation. In 
the same way, AI models can handle enormous volumes of data, find patterns and predict future trends with 
great accuracy to facilitate strategic cost tracking and performance forecasting. 
But there are great challenges to AI adoption, too. Lack of digital competency, digital technologies resistance 
to change, organizational culture and cost of technology are barriers identified in research. These concerns 
about transparency and accountability in financial decision-making are another key issue regarding advanced 
AI models. 
2.2 The Black Box Problem in AI Systems 
The “black box” problem is also a challenge in understanding the internals of the AI system and its actual 
results. Such as deep learning models process input in successive layers of neural networks, making it more 
challenging to explain their post-facto recommendations. However, deep learning models are nonlinear, 
meaning that the relationship between the input and output variables in the model is not easily understood 
when compared to a rule-based system, or to a linear regression-based model. 
However, this is a problem in regulated settings like finance and healthcare, where clear explanations are 
needed in decision-making procedures. The black box issue is particularly worrisome for industries based on 
documentation, traceability, and justification such as accounting and finance. This is a role that is familiar to 
leaders; they expect to be able to articulate decisions to regulators, internal stakeholders, and partners, but 
with AI, this is not a given because there is new decision logic that is not easily explainable. 
2.3 Corporate Governance and Managerial Accountability in the AI Era 
Corporate governance deals with the systems, principles and processes that govern a company. Key 
governance mechanisms are related to ensuring board oversight, internal controls, audit functions and 
accountability structures that ensure decisions are taken for and on behalf of stakeholders. Traditional 
governance regimes presume that action is associated with actors and decisions can be traced, explained and 
given to actors. 
AI systems are pre-challenging some of these with their actions. There is the challenge of opacity—it is hard to 
track decision-making back to the processes or logic behind the models in AI systems, which makes it difficult 
to do audits and attribute responsibility.The opacity of AI models makes it challenging to follow back decision 
making to the underlying processes or logic, making audits and responsibility harder to attribute. Secondly, AI 
systems can either be developed with biases or quadrants or become biased during training if certain groups 
or situations are underrepresented, which would affect the objectivity and fairness of the outcomes. Third, AI-
powered systems can operate at a much faster pace and more autonomously than humans, leading to 
accountability issues if negative results occur from AI decision-making. 
Studies of the use of AI in financial transparency have shown that, despite its capacity, it is not sufficient to 
make a good decision, if governance systems are not transparent and auditable, and have taken on an ethical 
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dimension. Research that looked at how AI is being used in emerging markets revealed a positive connection 
between AI adoption and governance results, but these results were highly dependent on the existence of 
strong accountability systems. 
Public sector is an example of governance challenges to be overcome with AI when making expenditure 
decisions. The programme managers worried about the lack of qualitative outcomes taking account of the AI's 
calculations in "Social Return on Investment" and on potential data bias created by the AI when it suggesting a 
reallocation of funding from a community health initiative to a digital skills programme. The case highlights the 
importance of having humans in the loop to regulate, verify and govern AI recommendations, using 
transparency, fairness and accountability as guiding principles. 
2.4 Explainable Artificial Intelligence (XAI) as a Governance Solution 
Explainable AI (XAI): AI systems that are made more human-readable and understandable using techniques 
and methods. XAI methods range from SHAP (SHapley Additive exPlanations), which numerically represents 
the value to the model's prediction for each feature, to Permutation Feature Importance (PFI), which assesses 
the role of feature shuffling to model performance, and counterfactual explanations, which determines the 
minimal modification required on the feature for its contribution to model prediction to change. 
Recent studies have shown that XAI is useful in financial applications. Using Korean firm data, researchers 
compared financial misstatement detection performance across different models using both SHAP and PFI, 
discovering that there are certain models where interpretability is model-dependent: try logistic regression for 
patterns that apply to the entire population, and Random Forest if you want to find patterns that apply 
specifically to your context. Another key finding is that models retained high detection performance despite 
the limited set of features found by their XAI, revealing the potential of interpretability to create simpler and 
more intuitive systems for use. 
Within the construction sector, salient predictors of the firm's profitability with an XAI based framework were 
the price indicators related to the supply chain and raw materials. Increased material costs in the model hurt 
profitability and stability, and provided actionable information for procurement and hedging strategies using 
SHAP analysis. The results underscore the potential of XAI to make black-box models into decision-making 
tools that can be trusted by stakeholders. 
A concept of “trusted AI” has arisen as one way of assigning an AI system a measure of reliability, transparency 
and accountability. Some of the attributes of truly trusted AI include an unbreakable audit trail, a common 
data source, dual governance and human oversight, and a full traceability of all decisions made. Whether it's a 
recommended journal entry or a prediction in a risk assessment, all these AI-generated suggestions, 
recommendations, and insights need to be traceable and auditable in accounting and finance. 
 

3 The results of the empirical study: 
 
3.1 Newer methods and approaches adopted in the current research 
There is a wide variety of methodological approaches used in recent empirical studies of AI in management 
accounting. Research clusters identified through systematic literature reviews, based on a bibliometric analysis 
and science mapping, contain frameworks of artificial intelligence and blockchain, information technology and 
cloud computing, big data and business intelligence . Descriptive quantitative, secondary analysis, comparing 
various machine based learning models and approach of case analysis have been followed in empirical studies . 
Financial statement data of listed companies, survey data of AI adoption, and evidence from case studies of 
companies who have used AI for financial decisions. To overcome class imbalance problem that is prevalent in 
financial anomaly detection, the sampling strategy has been developed, which is found to be eligible for its 
task for much better recall and F1 score in comparison to random undersampling, Sampling NearMiss. 
3.2 The key findings on AI performance in management accounting 
Studies and practical applications show that AI models have repeatedly outperformed traditional statistical 
models in financial forecasting tasks.Research and real-world applications have shown that AI models 
consistently yield superior performance compared to conventional statistical models in financial forecasting 
applications. The results of the comparative studies are summarized below in table 1. 
 
Table 1: Comparative Findings on AI Performance in Financial Decision-Making 

Study Context Models Compared Key Finding Performance 
Metric 
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Financial misstatement 
detection 

Logistic Regression, 
Random Forest 

NearMiss sampling yields greater 
gains than algorithmic 
complexity 

Recall, F1-score 

Construction firm 
profitability 

ANN, LSTM, RF RF model highest accuracy; 
industry-specific variables 
improve MAE by 56% 

R²=0.7978 

Capital budgeting 
prediction 

Various ML models AI facilitates real-time data 
analysis and accurate predictions 

Qualitative 
assessment 

Management accounting 
digital transformation 

Bibliometric analysis 75% of articles published in last 5 
years 

Publication 
trends 

Source: Compiled from cited references. 
 
3.3 The Interpretability-Accountability Gap 
Despite the performance advantages of AI models, research consistently identifies a gap between predictive 
capability and accountability mechanisms. Table 2 presents key challenges identified in the literature. 
 
Table 2: Challenges in AI-Driven Management Accounting 

Challenge Category Specific Issue 

Model interpretability Deep learning models produce opaque recommendations 

Data quality and bias Training data may underrepresent specific populations 

Auditability Lack of traceability in AI decision processes 

Human oversight AI recommendations may be accepted without scrutiny 

Regulatory compliance AI systems must meet SOX, IFRS, GAAP requirements 

Skills gap Management accountants lack AI competencies 

Source: Compiled from cited references. 
 
3.4 XAI Solutions and Their Effectiveness 
Explainable AI techniques have shown promise in bridging the interpretability-accountability gap. Table 3 
summarizes XAI applications and their reported effectiveness. 
 
Table 3: XAI Applications in Management Accounting 
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XAI Technique Application Context Effectiveness 
 

SHAP analysis Financial misstatement 
detection 

Identifies feature contributions 

SHAP analysis Construction firm profitability Reveals material cost impacts 

Permutation Feature 
Importance 

Financial misstatement 
detection 

Measures feature impact 

Counterfactual explanations Financial distress prediction Identifies recovery strategies 

Dual-governance framework General finance AI Balances probabilistic AI with 
deterministic controls 

Source: Compiled from cited references. 
 

4. Integrated Framework for Accountable AI Adoption 
Taking into consideration all the empirical evidence and theories presented, we propose here an integrated 
framework for the implementation of AI in management accounting without compromising control and 
accountability. The five pillars of the framework are: 
4.1 Pillar 1: Unified Data Foundation 
Accurate, consistent and auditable data is essential to trustworthy AI. Organizations have to implement a 
single financial data foundation that is capable of consolidating and enriching data from all sources (ERPs, 
Subledgers, Banks) with a single governed data model. This ground frame builds trust and verifiability because 
it has only one basis for truth: AI. Data quality aspects, completeness of that data and even any potential 
biases that might taint the fairness of AI must be dealt with under the data governance umbrella. 
4.2 Pillar 2: Dual-Governance Model 
AI systems should be governed over a dual governance model which is probabilistic AI with deterministic, rule-
based controls. This model introduces AI agents that function under the same controls framework as human 
agents, thereby ensuring that their actions are completely traceable. The model strategically introduces 
human-in-the-loop for supervision at key control points, that will then be casily reviewed by experts, according 
to user-defined guardrails, such as materiality or risk. 
This helps to validate the suggestions from AI against absolute checks, such as whether the proposal contains 
valid accounts. Is the power of authority correct for the user? Does it meet with the company's internal policy? 
These rules validations are checked and only if passed then the action is executed. 
4.3  Pillar 3 General Public:  
Explainability and Traceability of the textbooks and content They'll document every AI decision and provide 
reasoning, thus ensuring that you're not losing focus from recommendation back to source data. Both SHAP 
and PFI could serve as some of the XAI techniques for obtaining reliable and transparent explanations from 
high-performing models. AI observability solutions must harness and report on complicated data to create 
clear, traceable business stories. 
Introducing 4.4 pillar 4 – Human judgement and oversight. 
In AI-integrated decision-making processes, human judgment plays a crucial role. Contexts can happen in 
which the technical advice dictated by AI is correct, however its ethical implications, qualitative characteristics, 
or nuances in the context come into into dilemma. AI outputs should be vetted by human experts, especially 
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when deciding on significant actions, and should be subject to human judgement and qualitative evidence to 
potentially override the official AI recommendation . 
4.5 Pillar 5: Continuous Monitoring and Adaptation 
There is a need to continually test AI systems, understand and address deviations from expected performance, 
and adjust governance structures. That includes detecting data drift, model degradation, bias emerging, and 
conforming to regulatory needs. Governance should evolve over time, depending on the changing capabilities 
and needs of AI.. 
 

 
Figure 1: Integrated Framework for Accountable AI Adoption 
 

5. Data Analysis and Interpretation 
 
5.1 Research Approach and Data Sources 
A synthesis approach is used in this study, which involves combining results from various empirical studies, 
case analysis and theory. It is based on peer-reviewed articles, systematic reviews, and practitioner case 
studies which were published from 2020-2026. Some of the more salient data sources include studies on AI in 
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management accounting, capital budgeting applications, financial misstatement detection, construction 
industry financial prediction, and industry analyses of issues with adopting AI. 
The analytical method integrates quantitative data from empirical research with qualitative data from a case 
analysis and practitioners' observation. The synthesis allows for an exhaustive knowledge of the relationship 
between AI interpretability, corporate governance, and managerial accountability through a mixed research 
techniques structure.This synthesis structure is a mixed method one, which allows one to understand the 
relationships among AI interpretability, corporate governance, and managerial accountability 
comprehensively. 
5.2 Key Analytical Findings 
AI Performance Superiority Creates Governance Dependency: 
With AI showing a clear edge over performance, it is only natural that organizations rely more on them as their 
governance system. AI models have consistently shown to be superior to traditional statistical methods in the 
field of financial predictions when it comes to actual empirical results. According to studies, R2 values of up to 
0.7978 have been reported for the models trained by Random Forest in the task of predicting profitability, and 
a 56% reduction in the MAE when industry-specific variables are added to the model. This performance boost 
creates need for the organization of the AI systems as more and more managers are depending on the output 
of the AI systems to decide their strategic moves. 
This dependency is a problem, however, when AI generated outputs cannot be explained or audited. AI's value 
in capital budgeting is evident for its ability to analyze data in real-time and make accurate predictions, yet 
some are worried about its lack of transparency. The lack of interpretability poses a 'black box' trust dilemma: 
they are looking to the predictive strength of AI, but give stakeholders and regulators hard a copy of an 
explanation when it is lacking. 
The implicit assumption of finding two often ignored. One fact that is rarely mentioned is that interpretability 
is model dependent and context specific. 
The use of XAI has been the subject of research, where interpretability has been shown to rely on model 
choice and context. Logistic regression models identify the variables with a global influence across the board, 
the impacts of which are generally consistent; with tree models those considered more influential will be those 
that influence the results conditionally dependent on firm-specific thresholds or contextual interaction, which 
will therefore vary with these other variables. This discovery has significance for governance: the type of AI 
model has an impact on the type and quality of explanation provided to decision makers and auditors. 
The application of the SHAP analysis is especially useful in uncovering the factors behind financial results. For 
the construction industry in financial prediction, SHAP analysis indicated that an increase in material cost is 
related with decrease in profitability and stability, while the benchmark of concrete cost is related with 
increase in profitability and stability, which indicated that the construction companies can control their cost or 
adjust their concrete prices. This understanding helps managers design procurement and hedging policies 
around defined drivers and make sense of them. 
Despite the advances made in XAI, governance gaps continue. 
While there have been developments in applying XAI techniques, still there are many governance gaps. These 
gaps are now made clear in the public sector case study about AI in expenditure decisions. Recommendations 
were made by the AI system, without acknowledging the qualitative results of its calculations, and using what 
were opaque "Social Return on Investment" calculations that may not have fully accounted for specific socio-
economic factors. Programme managers expressed issues with the AI capabilities for reporting on important 
qualitative benefit outcomes including community cohesion and preventative health . 
These gaps are due to the limitations of AI systems: They can't detect qualative factors not in their training, 
can accentuate other biases in data, and can't evaluate other contextual factors that a human expert can. 
Overall, the case highlights the importance of human oversight, independent validation, and governance 
mechanisms to ensure the transparency, fairness, and accountability of the AI's recommendations. 
The findings from this study will be summarized.The findings of this study will be presented. 
A cross-sectional analysis based on current research suggests that organizational capacities are a key aspect of 
the success of AI governance. Companies that become more confident in AI sooner are more likely to 
emphasize attention to data quality, well-defined systems to use, and ongoing performance monitoring. These 
choices are made beforehand for where automation is suitable, and where the value of human judgment has 
to be paramount. 
5.3 Interpretation and Implications 
The results show that there is a paradox when using AI in management accounting which is that AI systems are 
more predictive than ever, hence creating organizational dependency, but due to AI system opacity the 
transparency and auditability needed for a good governance are not ensured. This paradox looks like a number 
of things: 
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• Ambiguous Accountability Attribution: With strategic resource allocation decisions set by AI, who is 
most responsible? Is the person responsible for accepting the AI suggestion to action held 
accountable? Who or what was the creator of the model? Who's using it? This attribution problem is 
especially acute because of the opacity of AI systems, where the underlying rationale for the 
recommendations are not easily expressed. Traditional audit procedures implicitly rely on the ability 
to represent audit decisions and to audit them back. This is a challenge that AI systems that are "black 
boxes" provide. The onus is placed on the auditors to look behind the elements of the AI and find 
audit trails for all material transactions and all controls. If AI-driven decisions are not interpreted, it 
means they may not be verifiable, and compliance risks may exist. 

• Bias and Fairness Concerns: AI systems can be opaque, potentially hiding underlying biases in the 
training data or the logic. A Public Sector concern was how the AI represented certain socio-economic 
level aspects present within the community being served by the health initiative . These biases can 
remain unnoticed and result in unfair/disrespectful outcomes in cases where it is not possible to 
establish transparent models. 

• Regulatory Compliance: There are many standards, including SOX, IFRS and GAAP, that require 
transparent and auditable systems on a global scale. AI-driven financial decisions made pursuant to a 
black box system might make it harder to prove compliance, potentially leaving the organization 
vulnerable to regulatory risks. 

 
6. Suggestions, Interpretation, and Future Recommendations 
 
6.1 Recommendations for Organizations 
1. Develop Integrated Governance Frameworks: Organisations should establish governance frameworks that 
integrate probabilistic AI features into a deterministic rules-based framework. This two-options-governance 
model allows for validation of AI recommendations with absolute checking before being used, both 
maintaining accountability and delivering AI benefits. 
3. Develop XAI Skills: Train organizations to employ XAI methods like SHAP, PFI, and CFX, which enhance AI 
model transparency and interpretability. These techniques should be used with models that are effective or 
good, to create reliable and transparent explanations that stakeholders can understand and act on. 
3. Ensure Human Oversight: Human judgment should always be the keystone of the AI-enhanced decision-
making process, especially when it comes to strategic decisions that are high-stakes. A strong framework for 
examining AI recommendations and when it is appropriate to use or not use automation should be developed. 
4. Foster Organizational Capabilities: Organizations need to cultivate their digital skills for effective 
deployment and management of AI systems. This encompasses AI governance training, ethical AI practices and 
training for management accountants in data analytics. 
 
6.2 Recommendations for Policy and Regulation 
1. Create AI Governance Standards: Set standards for AI governance in financial decision making covering 
transparency, fairness, human oversight and accountability. Such standards should be flexible in the context of 
the organisation, but should also have minimum accountability arrangements. 
2. XAI Documentation: Regulations should mandate that the logic and data sources used, assumptions and 
limitations of AI models be documented for audit purposes. The documentation should be understandable to 
auditors and regulators without needing technical skills. 
3. Create Certification Programs: Professional accounting bodies should create programs on AI in accounting 
that outline the competencies necessary for an accounting profession with a high capacity to be good stewards 
of AI systems. 
4. Foster interdisciplinary research on AI governance beyond: Fund structures and governance frameworks 
should involve researchers, scholars, and experts from accounting and computer science, law, and ethics to 
foster interdisciplinary research on AI governance. 
 
6.3 Recommendations for Future Research. 
1. Empirical Studies on XAI Effectiveness: Although some research into the effectiveness of XAI techniques is 
conducted, there is a need for further empirical studies of how effective these techniques are compared with 
the more traditional approaches within a real accounting application. Studies is required to study if 
explanations for the decisions explain the betterment of decision quality, auditor confidence and stakeholder 
trust . 
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Details as regards to organizations' AI governance capabilities and their evolution over time should be subject 
of research, in order to identify factors that support and hinder the build-out of responsible AI practices. 
2. Cross-Cultural Studies on AI Adoption: There are cultural considerations that play a role in the governance 
and adoption of AI. Inter-country research might help identify governance differences in relation to AI, and 
find best practices for various contexts. 
3. Sector-Specific Research: AI-Governance challenges are different across the various sectors. The factors that 
influence the use of AI across different sectors, such as the public sector, healthcare, financial services and 
more, should be explored. 
4. AI governance and sustainability reporting – An exploration of how these both relate to sustainability 
frameworks. Further research is needed to understand how AI can enhance the process of reporting on ESG 
disclosure whilst keeping the process accountable and transparent. 

 
Figure 2: Organizational Capabilities Required for Accountable AI 

 
7. Conclusion 
AI's role in management accounting processes such as strategic cost tracking, capital budgeting and 
performance forecasting has ushered in a new era of predictive tools for financial decision-making. But deep 
learning models are not so easy to interpret, which is known as the ‘black box' phenomenon, creates problems 
for corporate governance and managerial accountability. 
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In this paper, we found out that how information processing models which lack interpretability may impact 
corporate governance and accountability, in particular where strategic resource allocation decisions are made 
on the basis of AI outputs. In this paper through empirical evidence, analyses of numerous cases and 
theoretical models, that the opacity of AI systems hinders the auditability of AI systems, adds certain biases, 
and also raises questions of accountability that traditional governance mechanisms cannot be used to respond 
to. 
 
Key findings include: 
1. AI models outperform in predictive abilities for financial decision making, leading to dependence of 
organisations on AI-generated data. 
2. There is lack of transparency to identify the path of the decisions to the logic behind the AI system, which 
makes audits harder and the attribution of responsibility more difficult. 
3. The techniques of Explainable AI (such as SHAP and PFI) have the potential to overcome the interpretability-
accountability gap; but these are limited by the choice of model as well as by organizational capacities. 
4. Effectiveness of AI governance depends on organizational capabilities, such as data governance, AI literacy, 
ethical frameworks, and human oversight. There remains a lack of governance around factors such as 
capturing factors, identifying bias, and oversight of humans. 
The proposed integrated framework tackles these issues by means of five pillars: unified data foundation, 
dual-governance model, explainability and traceability, human judgment and oversight, and continuous 
monitoring. This framework provides organizations with a roadmap for implementing AI in management 
accounting while preserving the transparency, auditability, and accountability essential for effective corporate 
governance. 
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