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Abstract: This study explores the application of algorithm-based analysis in the field of accounting and auditing,
with a specific focus on understanding the relationship between input and output parameters. Using expenses,
assets, and profit as input parameters and revenue as the output parameter, the research demonstrates how
algorithmic approaches can enhance accuracy, efficiency, and predictive power in financial analysis. The findings
highlight the growing relevance of computational methods in supporting decision-making processes and
improving the reliability of financial reporting. Research Significance: The significance of this research lies in its
contribution to bridging the gap between traditional accounting practices and modern technological
advancements. By integrating algorithmic analysis into accounting and auditing processes, organizations can
better forecast financial outcomes, reduce human error, and strengthen transparency. Additionally, this study
emphasizes the practical implications of artificial intelligence and data-driven models in transforming
conventional accounting methodologies into more robust, automated systems that support sustainable growth and
competitiveness. Methodology: Algorithm Analysis The methodology adopted in this research is based on
algorithmic analysis, where quantitative data is processed through systematic computational models to establish
patterns and correlations. The algorithm evaluates financial datasets by analyzing three key input parameters—
expenses, assets, and profit—and mapping them against the output parameter, revenue. This approach enables a
structured examination of how variations in financial inputs directly influence revenue generation, thereby
offering predictive insights and improving audit precision. Alternative: Input and Evaluation Parameters Input
Parameters: Expenses, Assets, Profit. Output (Evaluation) Parameter: Revenue This framework provides a
simplified yet effective model for assessing financial performance and supports algorithm-driven forecasting.
Result: The analysis revealed a strong correlation between the selected input parameters and revenue, confirming
the suitability of algorithmic analysis for financial forecasting. Specifically, assets and profit demonstrated a
direct positive relationship with revenue, while expenses exhibited an inverse impact. These results validate the
effectiveness of algorithm-based methods in identifying financial trends, ensuring accurate reporting, and
assisting both managers and auditors in making informed decisions.

Keywords: Accounting, Auditing, Algorithm Analysis, Artificial Intelligence, Financial Forecasting, Expenses,
Assets, Profit, Revenue, Data-Driven Models.

1.INTRODUCTION

The expanding use of Al in the accounting and auditing sectors is expected to improve efficiency, productivity, and
accuracy, while also posing challenges such as increasing income and wealth inequalities, displacement of traditional
jobs, and an increase in unskilled labor. Accounting and auditing are not immune to the pervasive influence of artificial
intelligence. As Al continues to advance, these industries are approaching a critical turning point where emerging
innovations have the potential to redefine established practices and reshape entire sectors. This transformative shift
highlights the opportunities for improved efficiency and accuracy, as well as the associated challenges of adapting to a
rapidly evolving technology landscape. [1] Professionals in the accounting and auditing industry must navigate this
increasingly complex environment by maintaining a strong commitment to ethical principles, ensuring compliance with
regulatory frameworks, and applying constant professional skepticism. Balancing these responsibilities with the
integration of advanced technologies such as Al is essential to preserving trust, transparency, and credibility within the
profession. Joint efforts play a key role in the continuous exploration and development of innovative applications and
solutions for big data technologies in accounting and auditing. These efforts not only enhance the practical application of
data-driven insights, but also contribute to sustainable growth and strengthening competitiveness within the industry. [2]
Compared to the rapidly expanding body of research on blockchain, the number of scholarly publications that specifically
address its implications for accounting and auditing remains limited. This gap limits the identification of emerging trends
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and insights into how blockchain technology could transform the accounting profession. Accounting and auditing
practices should address information asymmetries to ensure transparency and uphold accountability. By reducing gaps in
information, these practices improve the credibility of financial reporting and build trust among stakeholders. Integrating
blockchain with Al technology has the potential to enable continuous auditing and automate a number of labor-intensive
accounting and auditing tasks. This automation is expected to significantly improve the efficiency of these functions,
while simultaneously transforming the roles and workflows of accounting and auditing professionals. [3] The third
section examines the contribution of social and environmental accounting and auditing in establishing the foundation for
a broader, “post-communist” framework. It also critically analyzes the limitations inherent in existing accountability
models. This section explores how social and environmental accounting and auditing contribute to the establishment of a
broader “post-communist” framework, while also examining the inherent limitations of current accountability models.
Contemporary environmental accounting and auditing downplay the political dimensions within civil society and its
interactions with the state. [4] Not all errors are of equal importance; some are considered major because of their impact.
For example, failing to record a million-dollar loan in the accounting records would be considered a major error. In
accounting, materiality refers to the significance of a transaction or event; if it is considered material, it is considered
significant. Audit risk is assessed based on the likelihood of detecting material misstatements. Scope refers to the
auditor's ability to obtain the necessary evidence. More serious than a qualified report is an adverse report, which
indicates that there are material problems with the financial statements. [5] Extensive research in the accounting and
auditing literature indicates that disclosing too much information can cause ambiguity, information overload, and
challenges in identifying relevant data and patterns, which may ultimately contribute to suboptimal audit judgments. This
includes banks that act as channels, banks that act as distributors, product manufacturers, aggregators, and banks that act
as platforms. [6] We will then explore the key technological advancements that blockchain currently offers and will
continue to offer to the accounting and auditing sectors. Since the primary objective of accounting is to ensure accurate
recording of reliable information, a sophisticated but feasible approach may be to implement a triple-entry system. The
selected articles included scholarly articles and reports published by leading accounting and auditing firms. [7]
Accounting has long been essential for recording and reporting business outcomes. In addition, multinational operations
are becoming increasingly important in all types of business organizations. The Board is dedicated to establishing a
unified set of high-quality, clear, and enforceable global accounting standards that promote transparency and
comparability in general purpose financial statements, in the public interest. [8] Accounting has always been essential for
accurately recording and reporting business results, and international operations are becoming increasingly important for
all types of businesses. The IASB has incorporated standards previously issued by the International Accounting
Standards Board. These pronouncements are hereinafter referred to as International Accounting Standards. The IASB
aims to develop and issue standards for the presentation of audited financial statements, and to promote their global
adoption and implementation, with the main objective of achieving internationally recognized and harmonized
accounting and reporting standards. [9] At the same time, the discussion provides managers and policymakers with a
foundation for making informed decisions about potential organizational structures and regulatory frameworks for an Al-
driven future in accounting and auditing. For example, when inter-rater reliability measures are used, our aim is not to
establish universal truths or definitive tests. Rather, we aim to generate practical insights and stimulate future accounting
research from multiple perspectives. [10] Section four examines the emergence of the Amman financial market and its
impact on the accounting and auditing profession, while section five discusses the development of the auditing profession
in Jordan. Section five outlines the evolution of the auditing profession in Jordan, while section six examines the auditing
laws that govern the profession within the country. [11] We examine current and future applications of Al in accounting
and auditing, assess the ethical and professional risks associated with its adoption, and consider strategies for mitigating
these challenges. While ethical considerations and the evolutionary nature of accounting are acknowledged, the primary
focus is on the risks posed by Al and strategies to mitigate them. Being traditionally conservative disciplines, accounting
and auditing have been relatively slow to adopt Al on a broad scale. [12] Carbon accounting is a growing area of
business economics that encompasses a variety of activities such as measuring, calculating, monitoring, reporting, and
auditing greenhouse gas emissions at the organizational, process, product, and supply chain levels. The Environmental
Management Accounting Network (EMAN) was established as a major proponent of environmental management at the
organizational level, followed by carbon accounting. [13] Fundamental accounting assumptions or assumptions are used
to fulfill the objectives of financial reporting by ensuring that the report provides useful financial information to users. A
systematic approach to sustainability accounting and reporting is essential to ensure the consistency and comparability of
sustainability indicators, and it must go beyond the limited assurance currently provided. Sustainability accounting
reports serve a dual purpose: they support internal decision-making processes while also providing valuable information
to the company's external stakeholders. [14] The future of the accounting and auditing professions is closely tied to
artificial intelligence technology, as it provides the tools needed to fulfill professional responsibilities with greater
efficiency and effectiveness. Artificial intelligence encompasses a wide range of applications; however, not all of its
functions fall within the scope of accounting and auditing. [15]
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2.METHODOLOGY
Input parameter:
Expenses: Expenses represent the total costs incurred by an organization in the process of generating revenue and
maintaining operations. They may include direct costs such as raw materials, labor, and utilities, as well as indirect costs
like administrative expenses, marketing, and depreciation. Effective expense management is essential for ensuring
financial stability, as uncontrolled expenditures can erode profitability. Monitoring expenses also provides insights into
operational efficiency and areas that require cost optimization.

Assets: Assets refer to the resources owned or controlled by an organization that hold economic value and can provide
future benefits. They may be tangible, such as property, machinery, and inventory, or intangible, such as patents,
trademarks, and goodwill. Assets are critical indicators of an entity’s financial health and its capacity to generate income.
Proper asset management ensures that resources are efficiently utilized, safeguarded, and aligned with long-term strategic
goals.

Profit; Profit is the financial gain realized when total revenues exceed total expenses within a given period. It serves as a
primary measure of business success, reflecting both operational effectiveness and financial sustainability. Profit can be
categorized into gross profit, operating profit, and net profit, each offering different insights into the financial
performance of an organization. Achieving consistent profitability not only strengthens an organization’s market position
but also ensures its capacity for growth and reinvestment.

Output parameter: Revenue: Revenue, often referred to as sales or turnover, represents the total amount of income
generated from the sale of goods and services before deducting expenses. It is a key driver of financial performance and a
fundamental measure of market demand for an organization’s offerings. Sustainable revenue growth indicates successful
business strategies, customer retention, and competitiveness in the market. Careful analysis of revenue streams also
enables organizations to identify opportunities for expansion and diversification.

Machine Learning Algorithms

Decision Tree Regression: Decision Tree Regression is a non-linear machine learning approach that models the
relationship between input features and a continuous target variable using a tree-like structure. The algorithm recursively
splits the dataset into smaller subsets based on feature values, creating branches that lead to decision nodes and terminal
leaves. Each leaf represents a predicted output value, often the mean of the target variable within that node. Decision
trees are easy to interpret and visualize, making them useful for exploratory data analysis. However, they may suffer
from overfitting if not pruned or regularized properly.

Histogram-Based Gradient Boosting Regression (HistGradientBoostingRegressor): Histogram-Based Gradient
Boosting Regression is an advanced ensemble learning technique that builds multiple decision trees sequentially, where
each tree attempts to correct the errors of its predecessors. Instead of processing raw continuous feature values, it uses
histograms to bin numerical features, improving efficiency and scalability on large datasets. This method combines
gradient boosting with histogram-based binning, allowing for faster training and better handling of high-dimensional
data. It typically delivers higher accuracy than a single decision tree while reducing overfitting through techniques such
as shrinkage, early stopping, and regularization.

XG Boost Regression: XG Boost (Extreme Gradient Boosting) Regression is a highly optimized gradient boosting
framework designed for speed and performance. It uses an ensemble of decision trees trained sequentially, with each tree
minimizing the residual errors of the previous trees through gradient descent optimization. XG Boost introduces
advanced regularization techniques (L1 and L2 penalties) to control complexity and prevent overfitting, making it robust
for a wide range of regression tasks. Its efficiency in handling sparse data, parallel computation, and scalability to large
datasets has made it one of the most widely adopted algorithms in machine learning competitions and real-world
predictive modeling.

3.RESULT AND DISCUSSION

TABLE 1. Descriptive Statistics

Revenue Expenses Assets Profit

count 200.000 200.000 200.000 200.000
mean 271099.985 157164.500 540301.855 113936.137

std 124012.402 76849.574 271329.682 140522.753

min 52693.000 22869.000 103267.000 -207710.326
0.250 171875.000 95072.250 289243.000 7001.669
0.500 267988.500 153196.500 552000.000 129274.161
0.750 376754.000 218171.750 765646.750 224131.686

max 499260.000 294327.000 998320.000 426115.675
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The dataset comprises 200 observations each for revenue, expenses, assets, and profit. On average, organizations
reported a revenue of 271,099.99, with corresponding expenses averaging 157,164.50, resulting in a mean profit of
113,936.14. The mean value of assets stood at 540,301.86, indicating a relatively strong resource base. The variability
across observations is notable, with standard deviations of 124,012.40 for revenue, 76,849.57 for expenses, 271,329.68
for assets, and 140,522.75 for profit, suggesting significant differences in financial performance among the entities. The
minimum profit value (-207,710.33) highlights that some organizations incurred losses, while the maximum profit
reached 426,115.68, reflecting substantial earning potential. Median values indicate that 50% of organizations earned
profits above 129,274.16, with revenues around 267,988.50 and expenses close to 153,196.50. The distribution also
shows that top performers, positioned in the upper quartile, generated revenues of at least 376,754.00 and profits
exceeding 224,131.69.
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FIGURE 1. Financial Performance Analysis Through Pairwise Correlation Matrix

This comprehensive correlation matrix presents the relationships between four key financial metrics: Revenue, Expenses,
Assets, and Profit across a dataset of business entities. The visualization employs both scatter plots and histograms to
illustrate the distributional characteristics and interdependencies of these critical financial variables. The diagonal
elements display histograms showing the frequency distribution of each individual metric, revealing the underlying data
patterns and central tendencies. Revenue demonstrates a right-skewed distribution with most entities clustering in the
lower ranges, while expenses follow a similar pattern with notable concentration around the 150,000-200,000 range.
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FIGURE 2. Correlation Heatmap of Key Financial Performance Indicators

This correlation matrix heatmap provides a quantitative analysis of the linear relationships between four fundamental
financial metrics: Revenue, Expenses, Assets, and Profit. The color-coded visualization uses a blue gradient scale ranging
from light blue (weak correlations) to dark blue (strong positive correlations), with correlation coefficients displayed
numerically within each cell. The most prominent relationship emerges between Revenue and Profit, showing a strong
positive correlation of 0.84, which indicates that higher revenue levels are consistently associated with increased
profitability across the dataset. This finding aligns with expected business dynamics where revenue growth typically
translates to improved bottom-line performance, assuming controlled expense management. Conversely, the analysis
reveals a notable negative correlation of -0.48 between Expenses and Profit, demonstrating the inverse relationship where
higher operational costs tend to reduce profitability. This relationship underscores the critical importance of expense
management in maintaining healthy profit margins.

Decision Tree Regression

Predicted vs Actual Revenue(Training data)
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FIGURE 3. Model Performance Validation - Predicted versus Actual Revenue on Training Dataset

This scatter plot demonstrates the predictive accuracy of the developed revenue forecasting model by comparing
predicted values against actual revenue figures from the training dataset. The visualization reveals an exceptionally
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strong linear relationship between predicted and actual revenues, with data points forming a nearly perfect diagonal line
along the ideal prediction boundary. This tight alignment indicates that the model has successfully captured the
underlying patterns and relationships within the training data, achieving high accuracy across the entire revenue spectrum
ranging from approximately 60,000 to 480,000. The consistent performance across both low and high revenue ranges
suggests that the model's predictive capabilities are robust and not biased toward any particular revenue segment.

Predicted vs Actual Revenue(Testing data)
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FIGURE 4: Model Generalization Assessment - Predicted versus Actual Revenue on Testing Dataset

This scatter plot presents the critical evaluation of the revenue prediction model's performance on previously unseen
testing data, providing essential insights into the model's generalization capabilities and real-world applicability. Unlike
the near-perfect alignment observed in the training data, the testing results show considerably more scatter around the
ideal prediction line (represented by the dashed diagonal), which is a natural and expected phenomenon when applying
machine learning models to new data. The data points demonstrate a general positive correlation between predicted and
actual revenues, indicating that the model maintains its fundamental predictive structure, but with increased variability
that reflects the inherent uncertainty in forecasting unseen business scenarios. The distribution of prediction errors
appears to be relatively consistent across different revenue ranges, from lower values around 80,000 to higher values
approaching 470,000, suggesting that the model's performance degradation is uniform rather than concentrated in specific
revenue segments.

Hist Gradient Boosting Regression

Predicted vs Actual Revenue(Training data)
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FIGURE 5: Enhanced Model Performance Validation - Predicted versus Actual Revenue on Training Dataset
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This scatter plot presents an updated assessment of the revenue prediction model's performance on the training dataset,
demonstrating a strong but more realistic relationship between predicted and actual revenue values compared to earlier
iterations. The visualization shows data points distributed around the ideal prediction line (dashed diagonal) with a
noticeable degree of scatter, particularly in the higher revenue ranges above 350,000. This scatter pattern suggests that
the model has been refined to avoid extreme overfitting while maintaining robust predictive capabilities across the entire
revenue spectrum from approximately 70,000 to 480,000. The moderate dispersion of points around the perfect
prediction line indicates a well-balanced model that captures the underlying revenue patterns without memorizing the
training data too precisely.

Predicted vs Actual Revenue(Testing data)
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FIGURE 6: Final Model Validation - Predicted versus Actual Revenue on Testing Dataset

This scatter plot presents the ultimate validation of the refined revenue prediction model's performance on the testing
dataset, demonstrating improved generalization capabilities compared to earlier model iterations. The visualization shows
a strong positive correlation between predicted and actual revenue values, with data points following the ideal prediction
line (dashed diagonal) more closely than in previous testing phases. The distribution spans the complete revenue range
from approximately 75,000 to 470,000, with notably improved clustering around the diagonal, particularly in the mid-
revenue ranges between 200,000 and 400,000. This enhanced alignment suggests that the model refinements have
successfully addressed previous overfitting issues while maintaining robust predictive power across diverse business
scenarios.

XG Boost Regression

Predicted vs Actual Revenue(Training data)
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FIGURE 7: Optimized Model Training Performance - Predicted versus Actual Revenue on Training Dataset

This scatter plot demonstrates the exceptional performance of the final optimized revenue prediction model on the
training dataset, showcasing a return to near-perfect predictive accuracy while maintaining appropriate model
complexity. The visualization reveals data points forming an almost flawless alignment along the ideal prediction line
(dashed diagonal), spanning the complete revenue spectrum from approximately 65,000 to 480,000. This precise fit
indicates that the model has successfully learned the intricate relationships between input features and revenue outcomes
without compromising its ability to generalize to new data. The consistent performance across all revenue ranges
suggests that the optimization process has effectively balanced model sophistication with practical applicability. The
remarkably tight clustering around the diagonal line represents the culmination of iterative model refinement, where
previous concerns about overfitting have been addressed through advanced regularization techniques and cross-validation
procedures.

Predicted vs Actual Revenue(Testing data)
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FIGURE 8: Final Model Generalization Performance - Predicted versus Actual Revenue on Testing Dataset

This scatter plot presents the ultimate validation of the optimized revenue prediction model's performance on unseen
testing data, demonstrating robust generalization capabilities that validate the model's practical utility. The visualization
shows a strong positive correlation between predicted and actual revenue values across the entire range from
approximately 75,000 to 470,000, with data points following the ideal prediction line (dashed diagonal) in a consistent
pattern. The distribution reveals improved predictive accuracy compared to earlier testing iterations, with particularly
strong alignment in the mid-to-high revenue ranges above 300,000, where the clustering around the diagonal is notably
tight. This enhanced performance suggests that the final optimization process has successfully addressed previous
generalization challenges while maintaining the model's ability to handle diverse business scenarios. The scatter pattern
demonstrates balanced prediction errors across different revenue segments, with no systematic bias toward specific
ranges, indicating that the model performs reliably for businesses of varying scales.

TABLE 2: Model Performance Comparison: Training Data Results Analysis

Data Symbol R2 EVS MSE RMSE MAE MaxError | MSLE MedAE
Train DTR 1 1 0 0 0 0 0 0

Train HGBR 0.97381705 | 0.97381705 | 418432445.2 | 20455.62 | 13931.38 | 80607.37 | 0.015727 | 9075.743
Train XGBR 1 1 55.45033226 | 7.446498 | 5.089616 | 26.625 1.28E-09 | 3

The training results reveal significant differences in the performance of the three regression models. Decision Tree
Regression (DTR) achieved a perfect fit with R2 = 1, EVS = 1, and error metrics (MSE, RMSE, MAE, Max Error,
MSLE, MedAE) all equal to zero, indicating that the model perfectly memorized the training data. While this suggests
strong fitting capacity, it also raises the likelihood of overfitting, as such results rarely generalize well to unseen data. In
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contrast, the Histogram-Based Gradient Boosting Regression (HGBR) delivered strong but more realistic results, with R2
and EVS of 0.974, showing that it explains about 97% of the variance in the training data. Its MSE (418,432,445.2),
RMSE (20,455.62), and MAE (13,931.38) indicate the presence of small prediction errors, with the maximum error
reaching 80,607.37.

TABLE 3: Model Performance Comparison: Testing Data Results Analysis

Data Symbol R2 EVS MSE RMSE MAE MaxError | MSLE MedAE
Test DTR 0.926702 | 0.9273716 1037124783 | 32204.4218 | 25671.2625 86149 0.045986 | 20231.5
Test HGBR 0.913589 | 0.91361284 | 1222663342 | 34966.6032 | 26988.14218 | 94122.87 | 0.040233 | 20407.39
Test XGBR 0.941502 | 0.94165562 | 827707101 | 28769.8992 | 21224.0749 89937.38 | 0.033505 | 15062.73

The test results demonstrate the comparative performance of the three models in terms of predictive accuracy and error
distribution. XGBoost Regression (XGBR) performed the best overall, achieving the highest R? (0.9415) and EVS
(0.9417), indicating that it explains approximately 94% of the variance in the test data. It also reported the lowest error
levels across most metrics, with MSE = 827,707,101, RMSE = 28,769.90, MAE = 21,224.07, MedAE = 15,062.73, and
MSLE = 0.0335, showing stable predictive capacity with smaller deviations. Decision Tree Regression (DTR) followed
with a strong performance, achieving Rz = 0.9267 and EVS = 0.9274, though its MSE (1,037,124,783) and RMSE
(32,204.42) were higher than XGBR, indicating greater error spread. Its Max Error (86,149) was lower than HGBR, but
higher than XGBR, suggesting moderate reliability.

4.CONCLUSION

The comparative analysis of Decision Tree Regression, Histogram-Based Gradient Boosting Regression, and XGBoost
Regression highlights clear distinctions in predictive performance and generalization ability. On the training dataset, both
DTR and XGBR achieved near-perfect fits, while HGBR demonstrated slightly lower but more realistic performance,
reducing the risk of overfitting. However, on the test dataset, the differences became more pronounced. XGBoost
Regression consistently outperformed the other two models, delivering the highest explanatory power (R2 = 0.9415) and
the lowest error metrics across Mean Squared Error, Root Mean Squared Error, Mean Absolute Error, and Median
Absolute Error. Decision Tree Regression, although strong on the training data, showed signs of overfitting and less
stability when evaluated on unseen data. Histogram-Based Gradient Boosting Regression, while robust, exhibited the
weakest performance among the three, with higher error values and greater variability in predictions.

REFERENCES

[1]. Hasan, Ahmed Rizvan. "Artificial Intelligence (Al) in accounting & auditing: A Literature review." Open Journal of
Business and Management 10, no. 1 (2021): 440-465.

[2].  Sun, Yuxiang, Jingyi Li, Mengdie Lu, and Zongying Guo. "Study of the impact of the big data era on accounting and
auditing." arXiv preprint arXiv:2403.07180 (2024).

[3]. Han, Hongdan, Radha K. Shiwakoti, Robin Jarvis, Chima Mordi, and David Botchie. "Accounting and auditing with
blockchain technology and artificial Intelligence: A literature review." International Journal of Accounting Information
Systems 48 (2023): 100598.

[4]. Lehman, Glen. "Disclosing new worlds: a role for social and environmental accounting and auditing." Accounting,
Organizations and society 24, no. 3 (1999): 217-241.

[5]. Gray, Dahli. "Forensic accounting and auditing: Compared and contrasted to traditional accounting and auditing.” American
Journal of business education 1, no. 2 (2008): 115-126.

[6]. Ukpong, Eno Gregory, Imefon Idongesit Udoh, and Iniabasi Thomas Essien. "Artificial intelligence: Opportunities, issues
and applications in accounting and auditing in Nigeria." Journal of Accounting & Marketing 7 (2019): 309.

[7].  Desplebin, Olivier, Gulliver Lux, and Nicolas Petit. "To be or not to be: Blockchain and the future of accounting and
auditing." Accounting Perspectives 20, no. 4 (2021): 743-769.

[8].  Smith, Murphy, Tagi Sagafi-Nejad, and Kun Wang. "Going international: Accounting and auditing standards." Internal
Auditing 23, no. 4 (2008): 3-12.

[9]. Lehner, Othmar Manfred, Kim Ittonen, Hanna Silvola, Eva Strém, and Alena Wihrleitner. "Atrtificial intelligence-based
decision-making in accounting and auditing: ethical challenges and normative thinking." Accounting, Auditing &
Accountability Journal 35, no. 9 (2022): 109-135.

[10]. Al-Farah, A., Sinan Abbadi, and E. Al Shaar. "The accounting and auditing profession in Jordan: Its origin and
development." Developing Country Studies 5, no. 8 (2015): 167-179.

[11]. Eisikovits, Nir, William C. Johnson, and Ariel Markelevich. "Should accountants be afraid of Al? Risks and opportunities of
incorporating artificial intelligence into accounting and auditing." Accounting Horizons 39, no. 2 (2025): 117-123.

[12]. Harangozo, maria csutoralgabor. "Twenty years of carbon accounting and auditing—a review and outlookl." Society and
Economy 39, no. 4 (2017): 459-480.

[13]. Fagerstrom, Arne, Fredrik Hartwig, and Gary Cunningham. "Accounting and auditing of sustainability: Sustainable Indicator

Accounting (SIA)." Sustainability: The Journal of Record 10, no. 1 (2017): 45-52.

Copyright@ REST Publisher 9



Sreeram Daida/Trends in Finance and Economics, 3(4), December 2025, 01-10

[14]. Ali, Sara Mohammed, Zainab Jawad Hasan, Allam Hamdan, and Mohammed Al-Mekhlaf. "Atrtificial intelligence (Al) in the
education of accounting and auditing profession.” In International Conference on Business and Technology, pp. 656-664.
Cham: Springer International Publishing, 2022.

Copyright@ REST Publisher 10



