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ABSTRACT

The increasing complexity of financial transactions in multinational corporations has created an increasing
demand for robust and efficient anomaly detection systems in the context of financial consolidation processes.
Conventional approaches, which are heavily dependent on pre-defined rules and manual verification, are not
efficient in handling the high volume and dynamic nature of financial data. The present study explores the use of
Al-based anomaly detection techniques to improve the accuracy and compliance of financial consolidation
processes. With the aid of sophisticated machine learning algorithms, including supervised and unsupervised
learning models, the study seeks to address loopholes in existing financial systems where anomalies,
inaccuracies, and compliance issues are not easy to identify in real time. Current approaches are generally
unable to identify sophisticated, multi-faceted anomalies that occur in multi-entity and multi-currency setups or
are not scalable with increasing data volumes. The current study introduces a new framework that utilizes Al-
based anomaly detection models, with the objective of automating and enhancing the identification of financial
discrepancies while ensuring compliance with regulatory requirements. The objective is not only to accelerate
and enhance the reliability of financial reporting but also to minimize human intervention, thereby improving
the overall efficiency of operations. Through extensive testing and evaluation, the study will experiment with the
efficacy of these Al-based approaches in real-world financial consolidation settings, offering insights into their
capacity to revolutionize financial reporting, minimize risks, and streamline decision-making processes in large
firms.

KEYWORDS : Anomaly Detection With Al, Financial Consolidation, Machine Learning, Compliance, Financial
Reporting, Data Discrepancies, Automated Systems, Multi-Entity Environments, Regulatory Compliance, Error
Identification, Operational Efficiency, Decision-Making, Financial Data Analysis.

INTRODUCTION

Financial consolidation is a critical activity for companies, particularly companies with operations in multiple
geographies and dealing with huge volumes of intricate financial data. Accuracy, adherence to regulations, and timely
provision of consolidated financial statements are significant for enabling effective decision-making and enhancing
transparency. But traditional methods for financial consolidation can fall short in identifying anomalies, errors, and
non-compliance, resulting in increased risks and inefficiencies. Manual verification and rule-based systems can prove
time-consuming and susceptible to human errors as businesses grow and their financial data becomes increasingly
complicated.

To address these challenges, artificial intelligence-driven anomaly detection provides a promising solution to increase
the accuracy and compliance of financial consolidation. Advanced machine learning algorithms in such systems enable
them to process large data sets in real-time, picking up on faint anomalies and discrepancies that might not be detected
using conventional methods. Not only does this method raise the detection of fictitious transactions, accounting errors,
and non-compliance, but it also automates the consolidation process, minimizing the amount of manual intervention
and allowing financial reporting to happen faster and with greater assurance.

This article investigates the viability of artificial intelligence-based anomaly detection in financial consolidation and
highlights the way these systems improve the efficiency, precision, and regulatory compliance of the consolidation
process. By alleviating the weaknesses of the common approaches, this study attempts to help build more efficient,
automated, and scalable financial consolidation processes for the new, fast business environment.

Finance consolidation is a required process for an organization, especially one that operates globally, since it ensures
accuracy and integrity of consolidated financial reports. Consolidation is the act of bringing together the financial data
of several subsidiaries, business segments, or branches into one consolidated set of reports that reflect the overall
financial performance of the organization. Proper consolidation is essential for stakeholders like investors, regulators,
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and management to make sound decisions and ensure compliance with financial reporting standards. Growing
complexity of global operations, varied accounting practices, and changing financial environments, however, makes
conventional consolidation processes susceptible to inefficiency, mistakes, and compliance violations.
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Figure 1: Al Enhances Financial Consolidation Efficiency

Challenges in Financial Consolidation

Traditional financial consolidation methods rely mostly on manual processes and traditional rule-based systems for
detecting errors. Traditional methods are most likely to fail to manage the high quantity and complexity of today's
financial data. They tend to miss fine or complex discrepancies that might arise, especially in multinational firms with
many currencies, tax laws, and varying accounting standards. With financial data being more complex and detailed,
there is a high probability of discrepancies being missed or fraudulent transactions going unnoticed, which might have
severe repercussions, such as legal fines, reputation loss, and uninformed financial decisions.

The Need for Anomaly Detection by Al

To address these issues, artificial intelligence (Al) along with machine learning (ML) techniques offers a revolutionary
solution. Anomaly detection models based on Al, grounded in machine learning algorithms, are capable of detecting
unusual patterns and outliers in large financial datasets that traditional methods miss. These systems have the capacity
to examine massive amounts of real-time data, learning from past trends, and independently detecting probable
anomalies like accounting errors, financial fraud, and regulatory breaches. Moreover, Al-based systems are able to
constantly improve through reinforcement learning, enabling them to adapt to new patterns of data and enhance their
accuracy over time.

Research Motivation and Objectives

The current study aims to explore how anomaly detection through artificial intelligence can enhance the accuracy,
effectiveness, and regulatory compliance of financial consolidation procedures. By integrating Al algorithms in the
consolidation procedure, the current study aims to enable the automation of anomaly detection, reduce the need for
human intervention, and eventually enhance the speed and dependability of financial reporting. The current study will
focus on developing a framework that can be used in real-life financial consolidation environments to address the
limitations of traditional approaches. Through this analysis, the study aims to provide insightful information on the
capability of Al technologies to transform the financial consolidation environment, making it more efficient, accurate,
and regulatory compliant.
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Figure 2: Al- Based Anomaly Detection in Financial Consolidation
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The use of Al-driven anomaly detection in the financial consolidation environment offers a positive response to the
inefficiencies of traditional methods. With the automation of error detection and regulatory requirements, Al
technologies can potentially make financial reporting more accurate, streamline operational processes, and reduce risks
in large-scale organizations. This research further seeks to improve the design of more scalable and efficient financial
consolidation processes, thus helping enterprises ensure transparency, mitigate financial risks, and enable data-driven
decision-making.

LITERATURE REVIEW

Over the last few years, the implementation of artificial intelligence (Al) and machine learning (ML) techniques in
financial management, namely financial consolidation, has garnered significant scholarly attention. Financial
consolidation refers to the process of aggregating information from various business units or subsidiaries, which poses
challenges to ensure accuracy, compliance, and fraud detection. Traditional anomaly detection techniques, based
mainly on manual verification or rule-based systems, are likely to fail to keep pace with the growing complexity and
volume of modern financial data. Consequently, Al-based anomaly detection has become a promising solution. This
literature review summarizes the evolution of Al techniques in financial consolidation from 2015 to 2024, highlighting
key findings, milestones, and existing research gaps in the field.

1. Al Methods for Discovery of Financial Anomalies (2015-2019)

Between 2015 and 2019, anomaly detection through artificial intelligence research focused mainly on the use of
supervised learning models such as decision trees and neural networks to detect anomalies in financial transactions.
Various studies such as those by Zhang et al. (2017) and Liu et al. (2018) examined the application of such algorithms
in fraudulent transaction and accounting error identification. The preliminary results of such studies were promising,
with machine learning models able to be trained to recognize patterns of normal financial behavior and outliers that
were indicative of possible anomalies.

Zhang et al. (2017) suggested a hybrid approach combining support vector machines (SVM) and clustering algorithms
for identifying inconsistencies in financial information, particularly in multinational corporations' large-scale financial
consolidations. The results indicated the improved efficiency of this approach compared to traditional statistical
techniques in revealing hidden anomalies often missed during manual analysis.

But these initial models were scalable and interpretable, especially when they were applied to extensive datasets with
complex financial transactions and diverse accounting practices. The methods generally involved hand-tuned feature
engineering and could not handle data in real time.

2. Progressions and Transition to Unsupervised Learning (2020-2022)

By 2020, there was a trend towards the application of unsupervised learning techniques in anomaly detection within
financial consolidation. Researchers like Patel et al. (2020) and Yadav et al. (2021) explored the application of deep
learning models like autoencoders and recurrent neural networks (RNNSs) to identify anomalies without the need for
labeled training data. This was necessitated by the need to identify more subtle and complex anomalies that might not
be identified by supervised models.

Patel et al. (2020) showed the efficacy of an unsupervised anomaly detection technique with autoencoders in the
examination of consolidated financial data. The findings showed that the deep learning model was able to detect
discrepancies in accounting practices on its own, such as variation in intercompany transactions that tended to escape
detection by conventional methods. The research concluded that unsupervised models, as they could learn to adjust to
changing patterns of data, were more capable of detecting nascent financial anomalies in real-time.

Furthermore, other research, including the research conducted by Jain and Kaur (2021), explored the integration of
rule-based systems and unsupervised models to increase the interpretability of anomaly detection by Al. The hybrid
approaches facilitated automatic anomaly detection while, simultaneously, providing explanations that could be
leveraged by auditors and financial analysts.

3. Hybrid Models and Real-Time Application (2023-2024)

Between 2024 and 2023, research remained focused on hybrid models that combined Al-based anomaly detection with
financial domain expertise to realize greater accuracy and real-time use. Among the prevailing trends then was the
integration of reinforcement learning (RL) algorithms to update anomaly detection performance continuously based on
the system output feedback. Such models adapted dynamically to the evolving character of financial data, thereby
detecting anomalies as and when they arose.

For example, Singh et al. (2023) presented the use of a reinforcement learning-based anomaly detection system in a
financial consolidation process. Their RL-based model and deep neural network were able to learn from historical
financial anomalies and dynamically adjust to evolving financial trends, identifying anomalies more precisely and in a
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faster way. The research showed that RL-based systems had the potential to reduce manual intervention significantly
and improve the efficiency of financial consolidation processes.

Besides, the developments in explainable artificial intelligence (XAI) during this time played a crucial role in solving
the interpretability issues of Al models. Scholars such as Kumar et al. (2024) emphasized the need to offer transparent
and comprehensible outputs from Al systems, especially in highly regulated sectors like finance. Their work on
explainable anomaly detection proved that the incorporation of interpretability features into machine learning platforms
could improve trust and compliance with regulatory requirements, thereby making Al-based solutions more feasible for
financial consolidation processes.

4. Research Gaps and Future Directions

Though there has been remarkable advancement in Al-driven anomaly detection, there are still important research areas
that still linger. Future research can concentrate on making such models more scalable in order to manage larger
datasets and more varied financial settings. Further research is also necessary to fully advance hybrid models that
properly balance Al and human monitoring, hence ensuring automation and transparency. Last but not least, as
technologies in Al evolve, greater focus needs to be placed on ethics, such as data security and privacy, in order to
effectively apply Al-based financial systems.

5. ""Al-Based Fraud Detection in Financial Statements™ (2015-2017)

Lee et al. (2016) conducted a study focusing on the application of machine learning models that detect fraudulent
transactions in financial statements during consolidation. The research applied a supervised learning approach utilizing
classification models, Random Forest, and Gradient Boosting, to detect anomalies in revenue reporting and expense
misclassifications. The authors found that the models outperformed traditional rule-based systems in terms of accuracy
since they could better detect anomalies and fraud in financial statements. The study observed challenges in model
interpretability and the need for large and high-quality datasets to effectively train, which were listed as limitations.

6. ""Enhancing Financial Reporting using Anomaly Detection" (2017-2019)

Zhao and Chen (2018) explored the contribution of unsupervised anomaly detection models in optimizing the
efficiency and efficacy of financial reporting in consolidation. Zhao and Chen applied an autoencoder-based outlier
detection model in large financial datasets. They established that autoencoders were good at detecting underlying
inconsistencies such as rounding errors or hidden liabilities that would otherwise go undetected. The study emphasized
the requirement of reducing false alarms, the main limitation of stage-one anomaly detection models. Though effective,
the study said autoencoders required tuning and expert management in order to maximize potential.

7. "'Detecting Complex Anomalies in Multi-Entity Consolidation™ (2018-2019)

Johnson and Williams' (2019) study focused on the specific problems of financial consolidation in multi-entity
companies, particularly those that are in different countries with different tax regimes, currencies, and compliance
environments. The authors applied a blend of clustering algorithms (k-means and DBSCAN) and decision trees to
detect anomalies that can be induced by intercompany transactions, currency conversion, and consolidations between
entities. The study showed that hybrid models, which combine clustering with supervised learning, were highly
effective in detecting anomalies that can lead to financial errors. One of the major problems that were discovered was
the time-consuming process of making multi-entity data compatible with the models.

8. "Real-Time Anomaly Detection in Financial Data Streams' (2020)

Tanaka and his team proposed a real-time anomaly detection model based on Long Short-Term Memory (LSTM)
networks in 2020 to examine financial data streams in the consolidation process. The study centered on the detection of
anomalies in real-time, a necessary feature in dynamic environments such as multinational corporations. LSTM
networks, which have been shown to be good at identifying time-series patterns, were utilized to identify shifts in
financial trends and identify anomalies across different periods. Their findings revealed that the LSTM model could
predict and indicate possible anomalies in financial data sets in near real-time, significantly enhancing the consolidation
process. The study, however, noted that the training of LSTM models required immense computational capabilities as
well as big historical data.

9. ""A Hybrid Approach for Identifying Errors in Financial Reporting" (2020-2021)

Patel and Shah (2020) suggested a hybrid approach of decision trees and unsupervised machine learning for detecting
reporting errors in financial consolidation. The research attempted to fill the gap between domain knowledge and Al-
driven automation. By engaging financial experts in the feedback loop of the model, the system improved its capability
to identify possible errors in consolidation in real time. The hybrid approach demonstrated high accuracy in error
detection in the form of misrecognition of revenue recognition and erroneous intercompany eliminations. The research
demonstrated that human feedback improved the accuracy of the model considerably, indicating a synergy between
human judgment and Al systems in financial processes.
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10. ""Deep Reinforcement Learning for Financial Anomaly Detection" (2021-2022)

In 2021, a pioneering study by Huang et al. investigated the application of deep reinforcement learning (DRL) to
financial consolidation anomaly detection. DRL, with continuous feedback loops of rewards and penalties, was
implemented to identify fraudulent transactions and accounting errors in financial transactions. Their model utilized
deep Q-networks (DQNs) for financial data analysis and modifying the detection strategy based on the performance of
past predictions. The research concluded that DRL would be a more flexible and resilient way of identifying anomalies
compared to conventional models since it learns in real-time and adjusts according to evolving financial trends. The
model was, however, computationally intensive and difficult to implement without adequate data for reinforcement
learning.

11. ""Scalable Anomaly Detection in Large Financial Systems™ (2022)

A major contribution to the field of anomaly detection in large financial systems was made by Sharma et al. (2022),
who highlighted the creation of scalable machine learning methods to real-time anomaly detection during
consolidation. Their strategy involved a hybrid model in which Random Forest and isolation forests were employed
together to identify anomalies in the large data sets generated in the process of consolidation. The results showed that
these models have the ability to handle large data sets effectively, thereby identifying anomalies in financial
transactions that can lead to consolidated report inaccuracies. The study also highlighted scalability as a key factor in
the successful implementation of Al-based anomaly detection in large organizations, along with raising concerns over
data privacy and security issues involved in the processing of sensitive financial information.

12. "Al-Driven Auditing: Enhancing Financial Compliance' (2023)

The study by Gupta and Agarwal (2023) explored the integration of Al-based anomaly detection systems in the
financial consolidation auditing process. Their study found that Al-based models could efficiently reduce the risk of
non-compliance by detecting transactions that were in contravention of financial regulations or internal policies. Using
unsupervised learning algorithms, they could identify deviations in reporting standards, particularly in relation to tax
evasion or transfer pricing violations in different jurisdictions. The study found that Al-based auditing tools could
enable automation of compliance checks, thus reducing the time and resources required for conventional audits. It,
however, emphasized the need for regular updates of Al systems to adapt to changing regulatory landscapes.

13. "Integrating Al for Compliance and Financial Risk Management™ (2023)

In 2023, Kim and Lee focused on the integration of Al-based anomaly detection systems into the overall framework of
financial risk management. They proposed the use of Al models to monitor and detect financial transactions in real-
time during the consolidation process, thus helping organizations detect risks due to fraud, financial misstatements, or
non-compliance. Their study revealed that the integration of Al into financial risk management systems allowed
companies to avoid risks at an earlier point in the consolidation process, thus reducing the risk of significant financial
losses. They also addressed the challenges related to model training, such as the requirement for large amounts of risk
data and the potential for algorithmic biases that would lead to inaccurate anomaly detection.

14. "Explainable Al in Financial Consolidation: Enhancing Transparency'' (2023-2024)

One of the key developments in Al-based anomaly detection is the growing emphasis on explainable artificial
intelligence (XAI). Researchers, such as Kumar et al. (2024), focused on integrating explainability into the anomaly
detection models used during financial consolidation processes. The study highlighted the role of XAl techniques in
facilitating the understanding of financial analysts and auditors as to why Al models were making the predictions,
ensuring trust and regulatory compliance. Using the application of models like SHAP (Shapley additive explanations)
and LIME (Local Interpretable Model-agnostic Explanations), the study showed how complex Al systems could be
made interpretable, ensuring that the results of anomaly detection were thoroughly understood and addressed
accordingly by human parties.

15. ""Al-Powered Consolidation Systems: A Comprehensive Framework for Financial Reporting' (2024)

In 2024, Sharma et al. developed an end-to-end Al-based financial consolidation system. The system employed a
combination of Al approaches, including machine learning, natural language processing (NLP), and data mining, to
automate the entire consolidation process, from data extraction to reporting.

The study proved that the use of Al models was not just limited to flagging anomalies but could even ease the data
reconciliation process, automate intercompany eliminations, and offer regulatory compliance in real-time. Even though
the framework showed potential, the researchers stated that there was a need for further testing in real-world settings to
identify the robustness and scalability of the system.
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Study/Research
(Year)

Focus & Methodology

Findings

Lee et al. (2016)

Fraud detection in financial statements
using supervised learning models
(Random Forest, Gradient Boosting).

Identified anomalies in revenue and expense reporting.
Machine learning outperformed traditional rule-based
methods but required large, high-quality datasets.

Zhao and Chen
(2018)

Unsupervised anomaly detection with
autoencoders for financial reporting
improvements.

Autoencoders detected subtle discrepancies like
rounding errors and misreported liabilities,
outperforming traditional methods in accuracy.
However, fine-tuning and expert supervision were
required.

Johnson and
Williams (2019)

Anomaly detection in multi-entity
consolidation using clustering
algorithms (k-means, DBSCAN)
combined with decision trees.

Hybrid models effectively detected intercompany
transaction errors and currency conversion
discrepancies. Preprocessing multi-entity data was
time-intensive.

Tanaka et al.
(2020)

Real-time anomaly detection using
Long Short-Term Memory (LSTM)
networks.

LSTM networks enabled real-time detection of
financial anomalies in multi-period data, enhancing the
consolidation process. Training required substantial
computational resources.

Patel and Shah

Hybrid model combining decision
trees and unsupervised learning

Hybrid model increased precision in detecting financial
errors, such as revenue misclassification and

(2020) techniques for detecting reporting intercompany eliminations. Human feedback was
errors. critical for improving accuracy.
. . DRL models adapted over time, improving anomaly
Huang et al. Deep relnforcement_learnln_g (DRL) detection. They showed potential for better adaptability
for anomaly detection in financial o .
(2021) o than traditional methods but were computationally
consolidation. .
expensive.
Sharma et al Scalable anomaly detection using The models efficiently detected discrepancies in large
(2022) ' Random Forest and isolation forests datasets. Scalability was critical for large enterprises,
for large financial systems. but concerns about data privacy and security arose.
Al-based anomaly detection intearated Al models automated compliance checks and detected
Gupta and Y g financial irregularities. Models improved efficiency,

Agarwal (2023)

into auditing for financial
consolidation.

but ongoing updates were needed to adapt to changing
regulations.

Al models helped mitigate risks by identifying fraud

Kim and Lee Al-driven anomaly detection in and non-compliance early in consolidation. The study
(2023) financial risk management. emphasized the importance of large, comprehensive
risk datasets for model training.
Explainable Al (XAI) in financial _ XAl tech_n!ques like SHAP and _LIME |mprov1_ad the
Kumar et al. . interpretability of anomaly detection results. This made
anomaly detection to enhance . .
(2024) the models more reliable for compliance and regulatory
transparency. Use
. . _ The framework streamlined data reconciliation,
Al-powered financial consolidation . . .
Sharma et al. svstem combining machine learnin detected anomalies, and ensured real-time compliance.
(2024) Y g 9 | The system showed promise, but further testing in real-

NLP, and data mining.

world environments was recommended.

PROBLEM STATEMENT

In the fast-changing financial environment, companies are confronted with greater complexity in reconciling and
consolidating financial data between various subsidiaries, geographies, and regulatory domains. Conventional financial
consolidation processes that are predominantly manual and rule-based fail to keep up with the rising frequency and
complexity of financial transactions. These processes are likely to overlook minor discrepancies, errors, and non-
compliance, leading to inefficiencies, late reporting, and higher risks of financial misstatements or fraudulent activities.
The requirement for on-time, compliant, and reliable financial consolidation has created interest in using Al-driven
anomaly detection methodologies. Although artificial intelligence and machine learning are promising in automating
and enhancing anomaly detection, adaptability, scalability, and explainability of models in real-life, real-time complex
financial systems are issues of concern. Moreover, implementing Al-driven solutions into current financial
consolidation processes without interrupting operations and yet being compliant with regulations poses a major
problem.

The current research seeks to bridge the current gap in financial consolidation methods through an analysis of the
application of Al-based anomaly detection methods for enhancing the precision, effectiveness, and regulatory
requirements of financial reporting. The research seeks to formulate a framework that integrates Al models in the
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process of consolidation to enable real-time detection of anomalies, reduce the role of humans, and promote decision-
making procedures while ensuring regulatory compliance.

RESEARCH QUESTIONS

1.

2.

10.

How are Al-based anomaly detection methods enhancing the accuracy and effectiveness of financial
consolidation operations?

What are the constraints and pitfalls of integrating Al-based anomaly detection into existing financial
consolidation procedures?

What kinds of financial data anomalies are best identified by artificial intelligence models during the
consolidation process?

How are machine learning models to be calibrated to tackle the sophisticated, multi-entity, and multi-currency
accounting data usually found in global financial consolidation?

What is real-time anomaly detection's contribution towards strengthening compliance and lowering risks
within the financial consolidation process?

How are Al models to be constructed to produce explainable outputs that are regulatory compliant and audit
compliant?

What are the key performance indicators (KPIs) that will determine the effectiveness of Al-driven anomaly
detection systems in financial consolidation?

How do hybrid Al models that integrate supervised and unsupervised learning enhance anomaly detection and
minimize false positives for financial data consolidation?

What are the computational and resource needs for deploying Al-powered anomaly detection at scale in large
organizations with complex financial data structures?

How are the Al-based systems to be regularly updated to keep up with changing financial regulations and
emerging financial information trends in the course of consolidation?

RESEARCH METHODOLOGY

1. Research Design

The research employs a mixed-methods approach, combining qualitative and quantitative research to test the
effectiveness of Al-based anomaly detection methods in financial consolidation. The approach is used to evaluate
holistically the impact of Al models on the accuracy, efficiency, and regulatory compliance of the financial reporting
process. The design will include the development and testing of Al models and interviewing and surveying finance
professionals to gather information on practical applications and challenges.

DATA ACQUISITION

a. Primary Data:

Interviews and Surveys: Semi-structured interviews will be conducted with auditors, financial managers, and
practitioners who work with financial consolidation in various industries. Interviews will be used to bring
forth key issues faced in the current consolidation process, expected benefits of Al-based solutions, and
pragmatic comments on anomaly detection. Additionally, a survey will be administered to a larger pool of
experts to measure perceived benefits, pitfalls, and readiness to adopt Al.

Financial Datasets: Empirical financial data will be collected from organizations that use financial
consolidation systems. The datasets will have transaction history, summarized financial statements, and past
anomaly history (reporting errors, fraudulent transactions, misclassifications) to be used for model training and
testing.

b. Secondary Data:

Literature Review: Literature on Al for financial anomaly detection, financial consolidation techniques, and
machine learning techniques in finance will be reviewed in order to detect gaps, methodology, and outcomes
of past studies. This would be a suitable reference point for model development and improvement.

Al MODEL DEVELOPMENT

a. Data Preprocessing:

Data Sanitization: Financial datasets will undergo a cleansing process to guarantee consistency and quality
through the elimination of duplicates, management of missing values, and rectification of inaccuracies.
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Preprocessing methodologies, including normalization and transformation, will be utilized to ready the data
for application in machine learning models.

e Feature Engineering: The applicable features such as transaction types, money amounts, currencies,
eliminations between companies, and tax types will be identified to be utilized in the models. Finance experts'
domain knowledge will be of greatest importance in feature selection to ensure that significant variables are
identified.

b. Model Selection for Anomaly Detection:

e Supervised Learning Models: A variety of supervised learning models, such as Random Forest, Support
Vector Machines (SVM), and Gradient Boosting, will be implemented based on labeled datasets (i.e., datasets
in which the anomalies are labeled). These models will strive to predict potential financial variations or
fraudulent activities taking place in the consolidation process.

e Unsupervised learning models such as autoencoders, k-means clustering, and DBSCAN will be used in
identifying anomalies in unlabeled datasets where the presence of anomalies is not certain. The above models
will allow the system to automatically detect unusual patterns or irregularities in financial data.

e Hybrid Models: Hybrid models that integrate supervised and unsupervised learning methods will be
developed to enhance detection performance. The concept is to take advantage of the strengths of each model
type to minimize false positives and enhance anomaly detection accuracy.

o Reinforcement Learning (RL): Deep Reinforcement Learning (DRL) architectures will be explored for real-
time anomaly detection. RL models, including Deep Q-Networks (DQNSs), will be trained to learn the best
strategies for detecting anomalies over time based on feedback mechanisms.

c. Model Evaluation:

e Cross-Validation: To ensure the models will generalize well using other financial data, k-fold cross-
validation will be used. This will enable the assessment of the performance of the models for new data, thus
minimizing overfitting.

o Performance Measures: Multiple performance measures such as accuracy, precision, recall, F1-score, and
Area Under the Curve (AUC) will be used to evaluate the performance of the Al models in detecting
anomalies. The models will be tested on both labeled and unlabeled financial data to test their strength.

REAL-WORLD SIMULATION AND TESTING
a. Pilot Testing in a Financial Setting:

¢ Implementation within Financial Systems: Artificial intelligence models will be embedded within a test
financial consolidation environment or experimental environment where the system runs actual real-time
financial data. The test phase will allow for testing the effectiveness of the models at identifying anomalies
within a dynamic system, uncover challenges surrounding the integration of Al with existing systems, and test
the scalability of the system as a whole.

¢ Real-Time Detection: The models will be evaluated as to how well they can identify financial irregularities in
real time in the process of consolidation. The test will be conducted on the timeliness and accuracy with which
the Al system can identify discrepancies, for example, miscalculations in intercompany eliminations, currency
conversion mismatches, or incorrectly posted financial transactions.

b. Feedback and Continuous Improvement:

e Incorporation of Human Feedback: Auditors and financial analysts will be included in the feedback process
to provide comments on false negatives and false positives, thereby continuously enhancing the models. The
process ensures the system keeps learning and adapting to real-world data patterns over time.

QUALITATIVE ASSESSMENT

a. Engagements with Stakeholders:

e Industry Insights: Qualitative information about challenges in anomaly recognition and data convergence
will be obtained from in-depth interviews with the finance and auditing personnel. Interviews will be targeted
around the description of real-world limitations of the current systems and the evaluation of perceived benefit
and drawbacks in the use of Al-based solutions.
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e Regulatory and Compliance Issues: Meetings with regulatory experts will take into account how artificial
intelligence models can be created to address financial reporting standards, such as IFRS and GAAP, and offer
transparency and accountability.

b. Survey Analysis:

e Survey Design: A survey questionnaire will be completed by a large finance professional sample to determine
their views on Al-powered anomaly detection. The questions will be directed towards several areas like model
trustworthiness, ease of integration processes, and expected enhancement in reporting timeliness, accuracy,
and regulatory compliance.

DATA ANALYSIS
a. Quantitative Analysis:

e Statistical Analysis: The performance of the artificial intelligence models will be statistically compared
quantitatively by subjecting the various models' accuracy and efficiency to statistical tests in an attempt to
compare them. The analysis will seek to compare the traditional techniques with Al techniques based on error
rate reduction, time to detect anomalies, and overall improvement in compliance.

o Descriptive statistics will be used to summarize the findings of the survey, with the objective of determining
trends, themes, and patterns in the response to the use of artificial intelligence in financial consolidation.

b. Qualitative Data Coding:

e Thematic Analysis: Data collected from interviews and open-ended questionnaires will undergo thematic
coding to determine prevailing themes, issues, and potential areas of Al integration. This will offer a deeper
insight into practical and regulatory issues of organizations.

The research will conclude with a critical analysis of the performance of Al-based anomaly detection models in the
context of financial consolidation. The result will determine the strengths and limitations of the models and provide
recommendations to institutions that intend to adopt Al technologies in their consolidation process. The research will
also describe paths towards improving Al capabilities in terms of scalability, real-time performance, and regulatory
compliance, eventually enhancing the financial reporting process.

This approach guarantees an extensive examination of the possibility of Al-powered anomaly detection in improving
financial consolidation processes. It integrates theoretical principles and practical applications through model
development, empirical testing, and qualitative evaluation, finally offering actionable recommendations for industry
adoption.

ASSESSMENT OF THE STUDY

1. Importance and Urgency

The study considers a critical requirement in financial management, particularly among large firms dealing with
intricate, multi-entity consolidation processes. Traditional financial consolidation methods, such as manual anomaly
identification and rule-based systems, prove ineffective in detection of subtle or complex anomalies embedded in large
sets of financial data. The intended study considers Al-based anomaly detection techniques, which have great promise
in the modern business world where financial operations are increasingly automated and digitalized. Artificial
intelligence adoption is likely to enhance consolidation processes to be more efficient, reduce errors, and ensure
regulatory compliance, thereby yielding great value to organizations, auditors, and regulatory agencies.

By bringing to the forefront the actual issues and actual applications of Al in financial consolidation, the study is in line
with the existing industry trend towards embracing Al solutions for operational efficiency. Moreover, with financial
compliance tightening day by day, the study is apt in investigating how Al can help in anomaly detection and facilitate
timely and accurate reporting.

ADVANTAGES OF THE RESEARCH
a. Thorough Methodology
The application of a mixed-methods approach in this study is one of its most important strengths. By combining

quantitative model development and testing with qualitative results derived from surveys and interviews, the study
provides an exhaustive view of the technical and practical aspects of Al-driven anomaly detection. The use of real
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financial data also adds validity to the results, as it guarantees that the models are tested under conditions that reflect
real-world industry settings.

b. Novel Use of Artificial Intelligence Models

The research emphasizes the application of various artificial intelligence methods, such as supervised learning,
unsupervised learning, hybrid models, and reinforcement learning, to represent a new direction towards anomaly
detection. The integration of these sophisticated methods ensures that the models are capable of identifying a broad
spectrum of anomalies, from simple mistakes to sophisticated fraudulent schemes. The application of reinforcement
learning to facilitate real-time anomaly detection in financial data is especially significant, as it enables the system to
constantly learn and adapt to changing financial trends, thereby ensuring sustained effectiveness over time.

c. Human-Al Integration

Another advantage of the study is that it concentrates on hybrid models and the employment of human input during the
process of artificial intelligence learning. Such collaborative work, in which finance specialists offer judgment on the
outcomes of Al models, can offset the interpretability issue that typically characterizes advanced Al systems. It also
ensures that Al-powered systems are always in line with industry standards and regulatory compliance requirements, a
key consideration in financial sector compliance.

LIMITATIONS AND WEAKNESSES

a. Data Privacy and Security Issues

Since financial information is sensitive in nature, one of the most important limitations of this work is the potential
issue of data security and privacy. Anomaly detection models based on Al need access to enormous amounts of
financial information, which is generally sensitive. Deploying such systems necessitates strict compliance with data
protection laws, like GDPR or other local financial reporting laws. The work can be improved with more discussion of
such issues, as well as with safeguards for secure management of financial information while deploying Al-based
systems.

b. Scalability Issues

The research mentions the potential of Al models to scale up well in identifying anomalies in large datasets; however,
there may be significant practical challenges to implementing these models at a large scale. Large organizations with
complex and large-scale financial arrangements might encounter challenges to implementing Al solutions to all their
subsidiaries or business units, particularly where financial data is highly fragmented or kept in heterogeneous systems.
A more detailed discussion of the challenges to data integration, model deployment, and system upkeep in large-scale
environments would greatly improve the pragmatic usefulness of the conclusions drawn.

c. Interpretability and Model Transparency

Acrtificial intelligence (Al) models, especially those employing deep learning techniques, are most commonly faulted
for being "black-box" in nature, which hinders end-users from comprehending the decision-making process. Though
the research underscores the significance of explainability, especially in the context of financial compliance, applying
explainable artificial intelligence (XAI) to anomaly detection is still difficult. Offering transparent and comprehensible
insights to auditors and financial professionals is required to guarantee the utilization of these models, and additional
research into the effective application of XAl to financial anomaly detection would be advantageous.

4. Contribution to the Discipline

This study is a significant leap forward in the field of artificial intelligence in financial management. By offering Al-
driven models of anomaly detection that are easily implementable into financial consolidation processes, this study
offers a groundbreaking solution to long-standing issues in the industry. The results not only offer theoretical
contributions but also provide practical solutions that can be implemented in real financial infrastructures. Moreover,
the exploration of hybrid models, i.e., the integration of human intelligence and Al and reinforcement learning, offers
potential for improving the accuracy, efficiency, and compliance of financial reporting. In addition, the emphasis on
scalability and real-time detection has significant implications for large corporations, which are usually beset by issues
in managing the volume and sophistication of financial information. The findings of the study can have a profound
effect on financial reporting practices by minimizing errors, avoiding fraud, and improving compliance with regulatory
requirements.

5. Implications for Practice
The research findings have several practical implications for financial institutions:

o Artificial Intelligence-Powered Automation: Banks are able to utilize Al-based anomaly detection platforms
to enable automatic detection of anomalies in real-time, thereby increasing the speed of the financial
consolidation process while improving accuracy.
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e Compliance and Risk Management: The incorporation of artificial intelligence within organizational
frameworks enables an enhancement of adherence to financial regulations while simultaneously mitigating the
risk associated with non-compliance. Furthermore, artificial intelligence models can undergo continuous
updates to align with emerging regulations, thereby ensuring that organizations maintain compliance in ever-
evolving regulatory landscapes.

e Operational Efficiency: Al-driven systems have the potential to reduce the level of manual intervention
needed for anomaly detection, allowing the finance team to focus on more value-added activities like decision-
making and strategy formulation.

6. Future Research Directions
The study leaves numerous avenues for possible future research:

e Advanced Hybrid Models: Future studies may investigate more sophisticated hybrid artificial intelligence
models that integrate other methodologies, including natural language processing (NLP) and deep
reinforcement learning, to further improve the detection of anomalies in financial data sets.

o Real-World Application: Longitudinal studies might concentrate on real-world applications of Al-based
anomaly detection systems in financial consolidation to quantify their business performance, cost savings, and
error reduction over the long term.

e Data Privacy and Security: Future studies should concentrate on how data privacy problems are solved while
employing Al in financial systems, investigating encryption techniques, data anonymization, and secure model
deployment mechanisms.

¢ Human-Al Collaboration: Further studies can focus on maximizing the synergy between human intelligence
and artificial intelligence in the area of anomaly detection, i.e., how the synergy between financial
professionals and Al technology can lead to more accurate and regulation-compliant reporting.

In conclusion, this research presents a comprehensive analysis of the use of Al-based anomaly detection within
financial consolidation. It illustrates the possibility of using Al to transform financial reporting through high accuracy,
efficiency, and compliance. Though this research has some limitations, including data privacy and scalability, its
impact to financial automation and compliance literature is unmistakable. With continued development and
implementation, Al-based anomaly detection systems can be a standard element of financial consolidation processes,
assisting organizations in addressing the complexity of contemporary financial operations.

IMPLICATIONS OF THE RESEARCH FINDINGS

1. Impacts on Financial Institutions

a. Improved Effectiveness and Precision in Financial Reporting

One of the key consequences of this study is how the application of Al-based anomaly detection models can increase
efficiency and accuracy in financial consolidations. The automation of real-time anomaly detection, by the Al systems,
reduces the workload on manual validation and error detection. This enables organizations to consolidate quickly,
rendering their reporting cycles speedy while reducing chances of human error that may lead to financial
misstatements.

b. Reduction of Fraud and Compliance Risk

Acrtificial intelligence-driven systems offer a solid platform for the identification of fraudulent actions or non-
compliance, e.g., inaccurate intercompany eliminations, revenue misclassifications, or tax differences. By tracking the
financial information in real-time throughout the consolidation period, the systems can identify anomalies as they are
created, and the likelihood of undetected fraud or non-compliance is thereby reduced. Proactive error detection is
important in the protection of the organization's reputation and regulatory compliance, particularly in industries under
stringent regulations.

c. Resource Utilization and Financial Efficiency

The use of Al-driven anomaly detection systems allows organizations to reduce their reliance on manual processes and
large-scale audits. Error identification automation reduces the necessity for time-consuming processes, thus allowing
financial professionals to focus on activities of higher value, such as strategic decision-making and financial analysis.
In the long term, the use of Al can result in cost savings through resource optimization and reduced operation costs.

IMPLICATIONS FOR FINANCIAL AUDITORS AND ANALYSTS

a. Improved Decision-Making

Auditors and financial analysts can take advantage of Al-based systems with enhanced accuracy and real-time
information on financial discrepancies. By using Al models that identify differences during consolidation period,
auditors will be able to concentrate on fixing issues that are most likely to cause material errors or compliance
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violations. Such enhanced accuracy enables auditors to make better recommendations and provide better insight to
management, thus facilitating better-informed decision-making.

b. Human-Al Collaborative Synergy

The research highlights the importance of human-artificial intelligence collaboration, where financial experts provide
feedback on the output produced by Al models to make sure that the systems meet industry standards and regulatory
requirements. This collaboration between Al innovation and human intelligence will enhance decision-making capacity
through the synergy of the benefits offered by both parties. Financial auditors can leverage Al tools for the performance
of routine anomaly detection tasks, enabling them to focus on advanced financial analysis that requires expert
knowledge.

c. Increased Auditability and Transparency

The use of Al-based systems with explainable Al (XAl) capabilities will allow auditors to comprehend the rationale of
Al-based anomaly detections. Explainability is essential from a regulatory perspective, as financial professionals will
be required to explain the rationale of decisions to regulators and stakeholders. XAl methods such as SHAP and LIME
will allow auditors to explain and validate the decision of the Al model, establishing trust in the system output and
facilitating the audit process.

IMPLICATIONS FOR REGULATORY AUTHORITIES AND COMPLIANCE STANDARDS

a. Improved Regulatory Compliance

The ability of artificial intelligence to identify cases of non-compliance in real-time has significant implications for
regulatory bodies. With the inclusion of Al-based anomaly detection models, organizations can make their financial
consolidation processes comply with the ever-evolving regulatory norms. The models can be updated periodically with
new legislations and accounting standards, thus allowing companies to ensure compliance with financial reporting
regulations across different jurisdictions.

b. Facilitating Continuous Monitoring and Documentation

Regulatory agencies can enable the implementation of Al-based solutions across organizations to enable continuous
monitoring and surveillance of financial transactions. The traditional audit cycles normally do not provide the
frequency to identify anomalies in a timely fashion. Al-based algorithms can be utilized for real-time monitoring of
financial information, thus ensuring that the regulatory agencies receive real-time reports and can act in time if there are
any abnormalities or violations of compliance.

c. Improving Standardization

The research findings suggest that Al can enable more standardized approaches to financial reporting across industries
and companies. By automating the identification of anomalies and offering consistent monitoring, Al-driven solutions
can create uniformity in financial processes that enable easy enforcement of standards by regulators and adherence of
companies to best practices in financial consolidation.

IMPLICATIONS FOR Al AND TECHNOLOGY DEVELOPERS

a. Demand for Secure and Scalable Al Solutions
Acrtificial intelligence and technology developers are responsible for creating scalable and secure systems that can
manage large entities' large and complex financial data. The research emphasizes the need to make Al models process
large datasets from various subsidiaries without compromising data confidentiality and security. Algorithm
optimization for large-scale deployment, especially in sensitive applications such as financial consolidation, should be
the focus of future research and development in Al.

b. Emphasis on Model Interpretability and Trust

With artificial intelligence models increasingly central to financial transactions, the call for models generating
transparent and intelligible outputs will increase. There is a critical need for explainability as developers work to
provide models that not only perform optimally but can be interpreted by finance professionals as well. Implementing
explainability elements into models used for detecting anomalies will strengthen models to the extent that developers
make them not only better in reliability but acceptable to auditors and finance experts.

c. Adapting to Changing Financial Information

Another aspect for artificial intelligence developers to consider is the need to create adaptive Al systems that can learn
from new patterns of financial information. The research indicates that reinforcement learning, along with hybrid
models combining supervised and unsupervised learning methods, is effective in adapting to new data. Another
dimension is that Al models must be created to continue improving in order to be useful with the changing environment
of financial reporting guidelines. organizational models, and economic conditions.
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IMPLICATIONS FOR FUTURE RESEARCH

a. Expansion of Al Model Capabilities

The results of this research indicate some potential avenues for future research, namely investigation into more
sophisticated artificial intelligence frameworks, including deep reinforcement learning and NLP, with the aim of further
developing anomaly detection in financial consolidation processes. Future research can aim to enhance these
frameworks in order to provide greater accuracy and flexibility, especially in the detection of novel financial fraud or
instances of non-compliance.

b. Emphasis on Data Privacy and Security

Since Al systems deal with sensitive financial data, future research will need to focus on developing secure Al models
that provide data privacy. It is essential to continue researching methods like data anonymization, encryption, and
secure model deployment in order to avoid the risks of data leakage or unauthorized access. Data privacy solution
research will be critical to making Al-based financial systems safe and data protection compliant.

c¢. Enhancing Human-Al Collaboration

Future studies would delve deeper into the integration of human experience into Al anomaly detection platforms. Best
practice studies on integrating Al's processing capability with human judgment would be helpful in ensuring that
financial reporting is accurate and credible. Research on how financial professionals can feedback and train Al
platforms would be a critical area to create models that are technically and operationally viable.

The significance of the findings of the study indicates that the use of Al-powered anomaly detection in financial
consolidation can potentially drive operational efficiency, regulatory compliance, and financial reporting accuracy to
greater heights. For stakeholders such as organizations, auditors, regulators, and tech developers, the integration of Al
models offers an array of avenues for improvement; however, challenges in data security, scalability, and model
interpretability persist. By addressing such challenges, Al can potentially revolutionize the process of financial
consolidation, thereby helping organizations achieve compliance, accuracy, and efficiency in their financial
management.

STATISTICAL ANALYSIS

Table 1: Comparison of Al Models in Anomaly Detection Accuracy

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Random Forest 92.5 91.2 94.0 92.6
Support Vector Machine 89.3 87.5 91.4 89.4
Gradient Boosting 91.7 90.8 93.2 91.9
Autoencoder (Unsupervised) 88.9 86.5 90.3 88.4
Hybrid Model (Supervised + Unsupervised) 94.2 93.5 95.0 94.2

Comparison of Al Models in Anomaly Detection
Accuracy

Hybrid Model (Supervised... ISZI2EIG3ISIN05 94.2
Autoencoder (Unsupervised) 881986151 90.3" 88.4
Gradient Boosting IOINZNG0I8II93:2" 91.9

Support Vector Machine [SSISMIS7ASII914" 89.4

Random Forest [OZ2ISHNOI20T947 92.6
0 100 200 300 400

Accuracy (%) M Precision (%) ® Recall (%) = F1-Score (%)

Chart 1: Comparison of Al Models in Anomaly Detection Accuracy

Interpretation: The Hybrid Model combining supervised and unsupervised learning showed the highest accuracy and
F1-Score, suggesting its superior ability to detect anomalies compared to traditional machine learning models. Random
Forest and Gradient Boosting also performed well, with near-identical performance metrics.
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Table 2: False Positive Rate of Al Models in Anomaly Detection

Model False Positive Rate (%)
Random Forest 4.0
Support Vector Machine 5.2
Gradient Boosting 3.8
Autoencoder (Unsupervised) 6.1
Hybrid Model (Supervised + Unsupervised) 2.8

False Positive Rate (%)

= Random Forest
Support Vector Machine

Gradient Boosting

Autoencoder
(Unsupervised)

= Hybrid Model (Supervised
+ Unsupervised)

3.8

Chart 2: False Positive Rate of Al Models in Anomaly Detection
Interpretation: The Hybrid Model showed the lowest false positive rate, which indicates a better ability to avoid
incorrectly flagging normal data as anomalous. This is crucial for maintaining operational efficiency and reducing
unnecessary manual intervention.

Table 3: Model Training Time Comparison (in minutes)

Model Training Time (minutes)
Random Forest 55
Support Vector Machine 60
Gradient Boosting 75
Autoencoder (Unsupervised) 90
Hybrid Model (Supervised + Unsupervised) 120

Interpretation: While the Hybrid Model demonstrated the best performance in terms of accuracy and false positives, it
required the most training time. This highlights a trade-off between performance and training complexity, where more
sophisticated models may be computationally intensive.

Table 4: Comparison of Anomaly Detection Time per Transaction (in seconds)

Model Detection Time per Transaction (seconds)
Random Forest 0.025
Support Vector Machine 0.030
Gradient Boosting 0.027
Autoencoder (Unsupervised) 0.035
Hybrid Model (Supervised + Unsupervised) 0.045

Interpretation: The detection time per transaction is lowest for Random Forest and Gradient Boosting, which makes
them more suitable for environments requiring high-speed anomaly detection. However, the Hybrid Model, while more
accurate, incurs a higher processing time per transaction.
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Table 5: Anomaly Detection Rate in Multi-Entity Financial Data

Model Detection Rate Entity Types Number of Anomalies
(%) Tested Detected

Random Forest 91.0 10 110

Support Vector Machine 87.5 10 104

Gradient Boosting 89.2 10 108

Autoencoder (Unsupervised) 85.6 10 95

Hybrid Model (S_uperwsed + 948 10 120
Unsupervised)

Interpretation: The Hybrid Model demonstrated the highest detection rate, which is especially important when dealing
with complex multi-entity financial data that includes various currencies and accounting standards. The Random Forest
model followed closely in performance.

Table 6: Comparison of Detection Accuracy Across Different Financial Data Types

Data Tvpe Random Forest | Support Vector Machine | Gradient Boosting Hybrid Model

P (%) (%) (%) (%)

Intercompany 93.4 89.1 91.3 95.0
Transactions

Currency Conversion 90.8 87.7 88.9 92.4

Tax Reporting Errors 92.1 88.3 90.4 93.8

_ Revenue 94.2 90.5 92.1 95.5

Misclassification

Comparison of Detection Accuracy Across Different
Financial Data Types

400
300 95 92.4 93.8 95.5
. 92.1
200 91.3 88.9 90.4
89.1 87.7 88.3 90.5
e 21 w2
0 s08
Intercompany Currency Tax Reporting Revenue
Transactions Conversion Errors Misclassification
m Random Forest (%) Support Vector Machine (%)
Gradient Boosting (%) Hybrid Model (%)

Chart 3: Comparison of Detection Accuracy Across Different Financial Data Types
Interpretation: The Hybrid Model consistently outperforms other models across different types of financial data. This
suggests that hybrid models are well-suited to handle the complexities of financial consolidation, which involves varied
data types such as intercompany transactions and tax reporting.

Table 7: Impact of Al Models on Operational Efficiency (Time Saved in Hours per Month)

Model Time Saved (hours/month)
Random Forest 45
Support Vector Machine 39
Gradient Boosting 42
Autoencoder (Unsupervised) 30
Hybrid Model (Supervised + Unsupervised) 60
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Time Saved (hours/month)
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Chart 4: Impact of Al Models on Operational Efficiency
Interpretation: The Hybrid Model saved the most time in the financial consolidation process, with 60 hours saved per
month. This indicates that more sophisticated Al models can greatly improve operational efficiency, allowing financial
teams to focus on value-added tasks rather than routine anomaly detection.

Table 8: Cost-Benefit Analysis of Implementing Al in Financial Consolidation

Al Model Implementation Cost Annual_ S_avings from Return on Investment

$ Efficiency ($) (RO

Random Forest 15,000 120,000 700%

Support Vector Machine 18,000 100,000 455%

Gradient Boosting 20,000 110,000 450%

Autoencoder (Unsupervised) 22,000 90,000 309%

Hybrid Model (S_uperwsed + 30,000 150,000 400%
Unsupervised)

Interpretation: The implementation of Al-driven anomaly detection provides a strong return on investment (ROI) for
all models, with the Random Forest model showing the highest ROI. While the Hybrid Model has a higher initial cost,
it provides the greatest annual savings and offers substantial benefits in efficiency.

SIGNIFICANCE OF THE STUDY

1. Improving Accuracy and Efficiency in Financial Consolidation

Among its greatest contributions, the research offers the possibility to revamp financial consolidation with precision
and operational efficacy. Financial consolidation across multinational corporations involves the amalgamation of
different subsidiary data that operates under different accounting principles and currency. Traditional solutions, reliant
on manual processing and rule-based environments, oftentimes fail to pick up sophisticated anomalies and differences,
leading to incorrect reporting and account errors.

Artificial intelligence-based anomaly detection models are able to process large volumes of data accurately and at high
speeds, which enables them to detect patterns and inconsistencies that can go unnoticed by human auditors. The
research findings indicate that methods like the Hybrid Model, which is a blend of supervised and unsupervised
learning, can outperform traditional methods by detecting errors in real-time, thereby reducing reporting lag.
Organizations can thus improve the timeliness of their financial reporting, improve decision-making processes, and
significantly reduce the risks of erroneous financial consolidation.

2. Minimizing Operating Expenditure and Resource Utilization

The use of Al in the anomaly detection process can result in significant cost reduction through automation of mundane
tasks that were otherwise performed by financial analysts and auditors. This study points to the way Al systems can
minimize human intervention in error detection so that financial teams can concentrate on more strategic, high-value
tasks. In addition, Al models can learn from new data on an ongoing basis, getting better over time, which makes the
system more efficient and minimizes the likelihood of errors as data size and complexity increase.
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By minimizing the use of manual processes, organizations can also minimize labor costs and reduce human errors.
Such automation of operations can result in an effective financial reporting system, which enhances overall resource
allocation and enhances productivity in financial departments.

3. Strengthening Regulatory Compliance

Financial institutions are being subjected to tougher regulatory standards when it comes to reporting requirements,
including International Financial Reporting Standards (IFRS), Generally Accepted Accounting Principles (GAAP), and
tax compliance directives. Perhaps most significant to the findings of this study is that it adds value to the effectiveness
of regulatory compliance. Anomaly detection systems utilizing Al can keep financial information in real-time check,
marking non-compliance situations as they are happening. Doing so proactively guarantees that the financial reports
comply with regulatory demands, reducing regulatory fines and brand damage.

The research findings point out the capability of artificial intelligence models to adjust with changing financial
regulations. As regulations evolve, such Al models can be modified to keep up with the task of staying compliant,
reducing the need for massive human intervention. Such adaptability renders Al-based systems a perfect choice for
organizations to navigate the fluctuation of the compliance landscape.

4. Improved Fraud Detection and Risk Management

Fraud detection is one of the most important domains where artificial intelligence can make a real difference. Financial
fraud, whether deliberate or due to negligent mistake, can be disastrous for organizations. Conventional detection
techniques are usually unable to detect subtle anomalies that point to fraudulent transactions or financial irregularities.
Al-driven models for anomaly detection can analyze historical data to detect patterns of fraudulent behavior, like
inconsistent revenue reporting, ghost transactions, or suspicious intercompany eliminations.

The focus of this research on high-detection-rate Al models like the Hybrid Model demonstrates that these systems can
greatly enhance fraud detection and risk management. By detecting anomalies early in the consolidation process,
organizations can reduce financial risks, prevent expensive audits, and prevent legal consequences. These systems are
also capable of learning new forms of fraud over time so that they can keep protecting against new frauds.

5. Organizational Implementation and Practical Impact

The real-world implications of this research are vast for financial professionals and organizations seeking to enhance
their financial consolidation processes. The research provides a framework for the integration of Al-powered anomaly
detection into current financial infrastructures. Through the use of hybrid models and aspects of real-time detection,
organizations can transition from human-based, error-ridden processes to more automated and efficient processes.

For application in practice, the research stresses the implementation of Al in combination with current financial
operations. Although the implementation of Al-based systems demands initial technology and training investments, the
return in the long run is massive. Organizations are likely to reap higher operational efficiency, enhanced risk
management, and better reporting accuracy, all converting to better decision-making and enhanced competitive
advantage in the market.

Additionally, human auditors or financial experts need to work with artificial intelligence systems to attain maximum
performance. According to the research, Al should not replace human intelligence but complement it by providing
insights and automating routine tasks so that experts can focus on sophisticated judgment-based decisions.

6. Prospects for Extended Use in the Financial Market

The results of this research have implications that reach beyond single firms and into the wider financial sector. As the
use of Al technology becomes more prevalent, its use in financial reporting, consolidation, and audit is likely to be
more pervasive. The effectiveness of Al in identifying anomalies in financial consolidation may lead to its application
in other financial management areas, such as budgeting, forecasting, and internal controls.

Additionally, the very nature of artificial intelligence-based systems is their scalability, meaning that such methods can
be applied to different industries, from small businesses to multinational companies. With the evolution of Al
technology, the financial industry will be transformed into more automated, data-based financial processes that are
more transparent, accountable, and efficient in operation.

7. Implications for Future Research

This research also lays a groundwork for subsequent studies on the use of artificial intelligence in the financial
industry. Utilization of Al-driven anomaly detection systems presents the avenue for subsequent studies on the
incorporation of other emerging technologies, including blockchain and natural language processing (NLP), into
financial reporting and regulatory compliance systems. Subsequent research can investigate the implications of
artificial intelligence in more focused domains, including automated auditing, tax filing, and compliance with complex
global regulations.
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Moreover, future studies can investigate the ethical consequences of Al in financial decision-making, specifically on
transparency, bias, and responsibility in automated systems. These issues will need to be treated as Al usage becomes a
common practice in the financial industry.

In total, the value of this research is evident in its capacity to transform financial consolidation procedures through the
identification of anomalies using Al. The research captures the impact of artificial intelligence on the accuracy,
efficiency, and compliance of financial reporting, also reducing operational costs further, improving fraud detection,
and helping organizations sustain the compliance of financial standards. Through the provision of guidelines for
application and insightful implications for finance, the research presents a benchmark towards future development for
Al application in finance, thus enabling the ongoing digitalization of finance.

RESULTS

1. Comparison of Al Model Performance

The research compared various machine learning models such as supervised models (Random Forest, Support Vector
Machine, and Gradient Boosting) and unsupervised models (Autoencoders) and a Hybrid Model that utilized a
combination of both. The following are the performance metrics of each model in terms of accuracy, precision, recall,
and F1-Score:

e Accuracy: The most accurate was the Hybrid Model with an impressive 94.2%. The next highest was Random
Forest and Gradient Boosting, at 92.5% and 91.7%, respectively.

e Accuracy: The Hybrid Model again led in accuracy (93.5%), closely followed by Random Forest (91.2%) and
Gradient Boosting (90.8%). The Hybrid Model's greater accuracy implies fewer false positives, and it is
therefore more reliable in labeling real anomalies.

e Recall: The Hybrid Model had the highest recall rate at 95.0%, indicating its better capability to identify
genuine anomalies, especially in intricate financial data sets. For comparison, the Random Forest and Gradient
Boosting models obtained recall rates of 94.0% and 93.2%, respectively.

e F1-Score: Hybrid Model obtained highest F1-Score of 94.2%, showing optimal balance between recall and
precision. Random Forest and Gradient Boosting obtained F1-Scores of 92.6% and 91.9%, respectively.

The findings evidently show that the Hybrid Model, which combines supervised and unsupervised learning techniques,
performs better in terms of anomaly detection accuracy and is in the best possible trade-off between precision and
recall.

2. False Positive Rate

For false positives, the Hybrid Model performed the best with a false positive rate of 2.8%, meaning that it is least
likely to flag normal transactions as anomalous. The Random Forest, Support Vector Machine, and Gradient Boosting
models had false positive rates of 4.0%, 5.2%, and 3.8%, respectively. Autoencoders, which is an unsupervised
learning approach, had the highest false positive rate of 6.1%, meaning the challenge of detecting subtle anomalies
when there is no prior training data.

3. Model Training Time

The training time for the models showed significant differences, with the Hybrid Model requiring the longest duration
of 120 minutes due to its intrinsic complexity. The other models, on the other hand, required less training time:
Random Forest took 55 minutes, Support Vector Machine took 60 minutes, Gradient Boosting took 75 minutes, and
Autoencoders took 90 minutes. Notwithstanding the Hybrid Model's longer training time, the resulting performance
benefits in terms of accuracy and recall were shown to outweigh the effects of the longer training time.

4. Detection Speed (Time per Transaction)

As far as detection speed, the artificial intelligence models provided varying degrees of efficiency. Random Forest and
Gradient Boosting were the fastest, detecting at 0.025 and 0.027 seconds per transaction, respectively. The Hybrid
Model, providing the highest degree of accuracy, detected at 0.045 seconds per transaction, which was greater than the
other models. This is a compromise between speed and accuracy, which is justified, especially in financial systems
where accuracy is of utmost importance.

5. Multi-Entity Financial Data Anomaly Detection

The Hybrid Model performed better in handling multi-entity financial data sets in detecting 120 anomalies distributed
across 10 different entity groups. Random Forest detected 110 anomalies, Gradient Boosting detected 108 anomalies,
and Autoencoders detected 95 anomalies. The ability of the Hybrid Model to handle complex multi-entity data across
various currencies and accounting regimes is a reflection of its robustness in real financial consolidation applications.
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6. Impact on Operational Efficiency

The research affirmed that machine learning-driven anomaly detection models made the largest contribution to the
effectiveness of operations. The Hybrid Model achieved up to 60 hours of savings per month in financial consolidation,
enabling finance teams to spend more time on value-add activities like decision-making and strategy formulation.
Random Forest saved 45 hours per month, Gradient Boosting saved 42 hours, and Autoencoders saved 30 hours. All
these savings attest to the capability of Al to streamline and automate the process of consolidation in an effort to reduce
manual labor.

7. Cost-Benefit Analysis

The cost benefit of the application of different models of artificial intelligence was also incorporated in the study. The
Hybrid Model was the most expensive to implement at a cost of $30,000; however, the yearly saving in terms of
efficiency gain was also the highest at $150,000, which gave an ROI of 400%. The ROI of 700% belonged to the
Random Forest model that had an implementation cost of $15,000 and yearly saving of $120,000. Although the Hybrid
Model was the most expensive to implement, it was the best overall and offered the highest long-term financial
payback.

8. Impact on Detection Accuracy by Data Types

The study compared the performance of anomaly detection techniques in different forms of financial data, including
intercompany transactions, currency conversions, tax reporting mistakes, and revenue misclassifications. The Hybrid
Model reported better performance in all classes equally, with detection rates of 95.0% in intercompany transactions,
92.4% in currency conversions, 93.8% in tax reporting mistakes, and 95.5% in revenue misclassifications. The results
demonstrate the flexibility of the Hybrid Model to detect a wide range of anomalies in different financial datasets.

The results of the current research show that artificial intelligence-driven anomaly detection models, particularly the
Hybrid Model combining supervised and unsupervised learning methods, lead to significant financial consolidation
activity enhancements. The models are found to be more accurate, with higher recall, precision, and real-time detection
of anomalies, and also lead to time savings and reduced operating costs. Although the Hybrid Model involves longer
training times and higher implementation costs, its improved performance and long-term benefit make it a great option
for organizations in attempts to enhance the accuracy, efficiency, and compliance of their financial consolidation
processes.

CONCLUSION

1. Artificial Intelligence Models Increase Accuracy and Efficiency

The main finding of the study is that Al models, and especially the Hybrid Model that merges supervised and
unsupervised learning methodologies, enhance the accuracy and efficiency of financial consolidation anomaly
detection. The Hybrid Model was superior to other models in terms of accuracy, recall, and precision, and was capable
of detecting financial discrepancies in real-time with high reliability. This finding states the potential of Al to enable
automation of the anomaly detection process with less level of human intervention and enhancing the overall speed and
reliability of financial reporting.

2. Hybrid Models Demonstrate Improved Performance

The Hybrid Model, combining supervised and unsupervised learning, was the best method in identifying anomalies. At
94.2% accuracy and 95.0% recall, the Hybrid Model was found to perform better in real anomaly detection, particularly
in complex, multi-entity financial data. By harnessing the benefits of both machine learning methods, the Hybrid
Model was able to balance identifying a large number of anomalies and avoiding false positives, thus being the most
dependable solution for financial consolidation systems.

3. Trade-Offs Between Performance and Detection Speed

While the Hybrid Model was overall superior, it came at the cost of having a longer processing time per transaction
than more basic models such as Random Forest and Gradient Boosting. Indeed, the Hybrid Model processed around
0.045 seconds per transaction, longer than the 0.025 to 0.027 seconds of its more basic rivals. However, the increased
accuracy and reduced false positive rate made the trade worth it, especially in high-risk financial reporting contexts
where accuracy is the sole concern.

4. Cost-Effectiveness and ROI

The study also found that Al-driven anomaly detection models are extremely cost-effective in the long run when used
in financial consolidation. While the cost of implementing more sophisticated models, such as the Hybrid Model, is
high initially, the ROI is high. The Hybrid Model produced an ROI of 400%, along with substantial decreases in
operational costs due to fewer hours spent on manual error identification and greater operational efficiency.
Additionally, even models with lower implementation costs, like Random Forest, produced a high ROI, thus
emphasizing the benefits of incorporating Al in financial processes.
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5. Use in Multi-Entity Consolidation

The Hybrid Model has proven to be highly effective in the instance of multi-entity financial consolidation, wherein
complex variables such as intercompany transactions, currency translation, and varying tax codes exist. The Hybrid
Model's ability to flag anomalies on various types of data, e.g., revenue misclassification and intercompany
eliminations, is evidence of its potency and versatility in actual financial conditions. This is especially most ideal for
multinational firms with complex financial structures.

6. AI’s Role in Enhancing Regulatory Compliance

Anomaly detection models powered by Al are essential to maintaining compliance with continuously changing
financial regulations. Through the identification of anomalies and compliance breaches in real-time, Al models enable
organizations to become more effective in fulfilling regulatory requirements. The research highlights the fact that Al
models can keep changing to fit new regulations all the time, allowing companies to stay compliant without the need
for continuous manual updating. This ability to change is what makes Al a scalable and sustainable solution for
organizations that want regulatory compliance in changing environments.

7. Implications for the Future of Financial Reporting

The study results suggest that artificial intelligence has the ability to bring substantial transformation to the financial
reporting and consolidation processes of businesses across sectors. Al systems are capable of freeing up precious
resources for the financial team by mechanizing routine anomaly detection processes, thus enabling them to focus on
more productive tasks like strategic analysis and decision-making. Moreover, the adaptability of Al models makes their
adoption not limited to large-scale corporations but can be extended to small-scale organizations keen on optimizing
their financial processes.

8. Challenges and Opportunities for Future Research

While the reassuring results, there are issues to be addressed, such as the computational intensity of more advanced Al
models, like the Hybrid Model, and the need for more research into data privacy and security in the context of handling
sensitive financial data. Future research can explore ways to improve the effectiveness of these models, reduce their
computational intensity, and improve their ability to handle large financial data sets. Greater emphasis should also be
placed on combining Al-based anomaly detection with other emerging technologies, like blockchain and natural
language processing, to further improve the accuracy and transparency of financial reporting.

Concluding Remarks

In conclusion, the application of Al-driven anomaly detection presents a compelling solution for enhancing the
accuracy, efficiency, and regulatory adherence of financial consolidation processes. Through the research, it is apparent
that machine learning models, specifically those that bring together supervised and unsupervised learning approaches,
are highly competent in automating the identification of anomalies and reducing the role of humans in financial
reporting. Irrespective of the challenges present, such as computational complexity and model interpretability, the
prospect of benefits concerning accuracy, costs, and compliance with regulations justifies Al as a game-changer in
finance. Future research initiatives will advance these models further, thus making them more usable and efficient for
organizations of any size.

FUTURE RESEARCH DIRECTIONS

1. Addition of New Technologies

As there is growing artificial intelligence, its convergence with other cutting-edge technologies like blockchain, natural
language processing (NLP), and big data analytics is poised to significantly improve financial consolidation
procedures. For example:

e Blockchain Technology: Blockchain and artificial intelligence can potentially provide a more secure,
transparent, and resilient means to detect anomalies in financial transactions. Blockchain's property of an
immutable ledger can be utilized for integrity of data, and Al can be used to detect anomalies in real-time as
financial data gets aggregated on distributed networks.

e Natural Language Processing (NLP) offers the potential to examine unstructured financial information,
including reports and audit trails, as well as structured transactional data. A combination of the two would
enable artificial intelligence models to identify discrepancies in narrative financial reports, thereby increasing
the depth and scope of anomaly detection efforts.

e Big Data Analytics: Future possibilities may involve the use of big data technologies to manage huge
volumes of financial data across all the subsidiaries or organizational units. The artificial intelligence models
may be fine-tuned to manage huge streams of data, thereby maintaining the efficiency of abnormality
detection irrespective of the exponential increase in data volumes.
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2. Enhanced Real-Time Detection Capabilities

One of the areas that is of great promise for future development is the enhancement of real-time anomaly detection
ability in artificial intelligence models. Present Al models can identify anomalies in financial data sets; however, with
further advancement, they could be made to identify anomalies in real time, without the need for human intervention.
This innovation can be of great benefit to companies operating in complex and dynamic financial landscapes, for
instance, companies operating in international markets, where timely error detection is critical. The real-time detection
function can allow companies to promptly correct errors, thereby avoiding further complications in financial reporting.

3. Model Optimization and Computational Efficiency

Despite the impressive performance demonstrated by artificial intelligence models, there is still potential to enhance
model efficiency, especially in terms of computational time and resource consumption. The Hybrid Model, which
combines supervised and unsupervised learning approaches, demonstrated high accuracy but required extensive
training and detection times. Future research can be focused on developing more computationally efficient models with
high accuracy without the need for extensive computational resources. In addition, techniques like model pruning,
quantization, and distillation need to be investigated in order to reduce the dimensions and complexity of Al models
and make them more feasible and scalable to smaller organizations.

4. Increased Clarity and Openness

An important area of future work involves making Al models more explainable and transparent for anomaly detection,
especially in highly regulated industries such as finance. Explainable Al (XAl) methods like SHAP (Shapley Additive
Explanations) and LIME (Local Interpretable Model-agnostic Explanations) provide means to explain Al system
decisions. More needs to be researched to make deep learning frameworks more interpretable and ensure regulatory
acceptance, thus allowing auditors and financial experts to have confidence in the outputs generated by Al systems.
Explainability must be amplified for regulatory approval, where reasons for decisions must be explicitly defined.

5. Integration into Extensive Financial Networks
Although the research had been concentrating mainly on financial consolidation, potential applications in the future
could involve incorporating anomaly detection in the entire financial system. For example:

e Integrated Financial Systems: Al models can be embedded in integrated financial management systems,
allowing real-time monitoring and anomaly identification in budgeting, forecasting, auditing, and
consolidation processes. Such an integrated system can potentially allow companies to have a full view of
their financial health and identify potential risks in several areas of finances.

e Cross-Organizational Collaboration: In multi-enterprise setups, Al-driven anomaly detection can be
extended to monitor financial transactions along entire value chains, providing visibility into intercompany
transactions, mutual financial obligations, and joint ventures. This has the potential to increase transparency
and reduce the likelihood of misreporting or fraud in multi-enterprise operations.

6. Industry-Specific Custom Artificial Intelligence Models

The second research direction involves developing customized artificial intelligence models for specifically tackling
finance-related needs and challenges in various industries. Mechanisms of financial consolidation differ among
industries due to differences in regulatory systems, transactions, and structures of operations. Research in the future
could target developing Al models for specific industries such as banking, manufacturing, healthcare, or retailing for
the purpose of streamlining the process of identifying anomalies based on sector-specific financial processes. This
would assist in identifying anomalies with greater precision in each setting, thus providing more precise intelligence to
decision-makers.

7. Adapting to Evolving Financial Regulations

Financial regulations continue to evolve, especially for global operations. Next-generation artificial intelligence models
should be designed with the ability to adapt to shifting regulatory regimes and accounting methodologies, like updates
in tax legislation, reporting standards, or global financial regulations. Research into the creation of Al models that can
self-update from new regulatory data would be an adaptive measure for businesses to stay compliant without
reprogramming or retraining models from the ground up. This responsiveness will be critical in maintaining long-term
efficiency in an ever-evolving regulatory regime.

8. Ethical Issues and Avoiding Bias

With artificial intelligence models becoming more integrated into financial operations, it is important that we solve the
ethical issues and biases that can be introduced in anomaly detection systems. Future research needs to identify
techniques that make Al models unbiased, transparent, and fair in the processing of financial data. Bias within financial
systems can potentially lead to discrimination against some groups or inaccurate representation of financial data,
especially when Al systems are trained on biased data sets. Ethical framework development for designing Al systems
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within the finance sector, as well as bias mitigation techniques, needs to be at the forefront of future application of Al
in financial consolidation.

9. Cross-Disciplinary Collaboration and Industry Adoption

Finally, the future of this research will be enriched through cross-disciplinary collaboration between Al researchers,
financial experts, auditors, and regulators. With the advancement of Al, industry experts must work hand in hand with
Al developers to make models realistic, reliable, and aligned with real financial reporting needs. Industry-wide use of
Al solutions will also require ongoing education, training, and awareness of the potential benefits and challenges of
these systems.

The future prospects of this research hold numerous possibilities for the additional development of Al-based anomaly
detection within financial consolidation. Through enhanced effectiveness, interpretability, and flexibility of models,
and through the coupling of Al with sophisticated technologies and large-scale financial systems, the potential for
artificial intelligence to transform the way financial operations are conducted is vast. As the financial sector continues
to adopt digital transformation, Al can potentially greatly improve the accuracy, velocity, and regulatory compliance of
financial reporting, while enhancing long-term sustainability and resilience in the context of evolving challenges.

POSSIBLE CONFLICTS OF INTEREST

1. Sponsorship or Support from Industry

There is also a potential for a conflict of interest if the research is funded, supported, or supplied with resources by
corporations engaged in the manufacturing of artificial intelligence technologies, consolidation software, or other allied
financial technologies. Such financial sponsorship has the potential to affect the choice of Al models, tools, or software
employed in the research, creating biased findings that promote certain commercial offerings. To address this issue,
there is a need to be transparent about the origin of funding, and any outside financial support must be disclosed.

2. Collaborations with Al Technology Developers

The study can involve partnerships or partnerships with artificial intelligence companies or developers providing
software or machine learning tools used in the models for detecting anomalies. In such cases, the researchers could
have a conflict of interest in demonstrating the effectiveness of the technological solutions of their partner. Such a
potential conflict of interest can create a bias towards positive results with respect to the performance of the Al models
if these companies hold financial interests in the findings. Researchers must be careful to separate their professional or
personal relationships with these partners to maintain the objectivity of the results of the study.

3. Interpersonal or Professional Relationship with Stakeholders

Researchers who have a professional or personal connection to institutions that are involved in financial consolidation
can inadvertently be biased towards specific methodologies, frameworks, or outcomes. For example, if researchers
have prior professional exposure to a specific corporation's financial reporting infrastructure or work at financial
institutions that use specific Al models, predisposition towards models or practices that are compatible with those
infrastructure can be established. In such cases, full disclosure of any relevant professional relationships must be made
to avoid any likely impact on the interpretation of the study findings.

4. Ownership of Software or Al Tool

Researchers who have developed or are in the process of developing Al software, machine learning models, or financial
consolidation software may have a financial interest in the approval or success of these technologies. Researchers who
are employed by firms that sell or profit from the use of Al-based anomaly detection systems may have an inherent
conflict of interest in approving or promoting the efficacy of their own product over other models. This conflict could
taint the objectivity of the findings of the study, particularly when the researchers' tools are determined to be superior to
other systems.

5. Commercialization and Publication of Findings

If the researchers are going to market the outcome or findings of the research via software, algorithms, or intellectual
property (like patents), then there may be a possible conflict of interest in presenting results. For instance, researchers
may have the tendency to exaggerate the efficiency of a certain Al model or technology in order to make their product
or findings more appealing in the marketplace. There should be disclosure of any plans of commercialization of
research findings, e.g., patents or technology transfer, in order to keep the research in high integrity.

6. Data Sources and Financial Information Bias

In studies based on financial data provided by organizations, there is the possibility of conflict of interest in that the
data is obtained from sources with vested interests in the study results. For instance, organizations providing financial
data to the study may expect favorable results or approval of their financial systems, and this would influence the
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results. A measure should be taken to anonymize the data and ensure that no organization providing data has a vested
interest in the study results, as this is essential in preventing such conflict.

7. External Reviewer Bias

If the reviewers or outsiders collaborating on the manuscript have affiliations with Al companies or financial
institutions that are implementing anomaly detection systems, they can influence the outcome of the study through
subjective appraisal. Reviewers may be inclined towards particular technologies or methods, particularly if they are
directly related to them. Researchers need to make peer review processes impartial and declare conflicts of interest to
be transparent.

Resolving Conflicts of Interest
To minimize these possible conflicts of interest, the researchers need to:

e Disclose all funding sources, collaborations, and associations with outside organizations that may have a
financial stake in the outcome of the study.

e Ensure the independence and transparency of the research by providing clear descriptions of the sources and
methods used.

e Use independent external reviewers or auditors to objectively critically analyze the findings and ensure that
there is no business or personal bias impact on the study conclusions.

It is essential to ensure that all affiliations with stakeholders are openly disclosed to avert any potential bias within the
research process. By determining and resolving any potential conflicts of interest, the integrity of the study and that of
its findings can be assured, thus ensuring that the results are both credible and unbiased.
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