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Abstract

The investment fund sector generates huge amounts of financial transactions, which need proper accounting,
reconciliation, and management of regulations. Conventional fund accounting systems tend to rely on human
intervention, which poses difficulties of operational efficiency, error- reduction, and scalability. The study
suggests a framework with Artificial Intelligence to convert fund accounting functions using machine learning to
detect anomalies. Since, relatively few datasets, which cover the public fund accounting, are available, a proposed
synthetic dataset, consisting of 10,000 financial transaction entries, was created in order to approximate
investment accounting processes. Four machine learning models are deployed and compared on the basis of
accuracy, precision, recall, Fl-score, ROC-AUC metrics to evaluate Logistic Regression, Random Forest,
XGBoost and Support Vector Machine with around 97% accuracy. The findings indicate that AI-based solutions
can be used to successfully detect irregularities in accounting and enhance operational intelligence. The study
provides information that adds a research-backed model that could aid in intelligent automation of the future,
monitoring risks and decision-making in investment fund management.

Keywords: Artificial Intelligence, Fund Accounting, Machine Learning, Investment Funds, Financial Automation,

Anomaly Detection, Predictive Analytics.

L. Introduction
A. Background
Fund accounting is a sensitive activity in the
investment fund sector which involves proper
keeping of financial books, computation of net asset
values (NAV), transactions and compliance with
regulations [1]. Fund accounting operations are
traditionally based on manual operations, rule-based
operations, and human verification, which may
prove to be ineffective as the size of investment
portfolio and the number of transactions grows [2].
Emerging investment opportunities, complicated
financial products and international controls have
put pressure on fund managers. The error of
reconciliation, a delay in reporting, and inability to
detect financial inconsistencies may have an impact
on decision-making and investor confidence [3].
The recent innovations in the field of Artificial
Intelligence (AI) and machine learning is an
opportunity to change the fund accounting process
by automating, introducing smart analysis, and
predictive insights [4]. Hence, the idea of looking
into Al-driven solutions has become necessary in
finding more efficient, accurate and scalable fund
accounting systems.
B. Research Problem
The classical fund accounting systems have
shortcomings that include reliance on manual
processes, non-existence of automation and
difficulty in handling large volume of financial
information. Compounding transactions poses
challenges in identifying abnormalities, conducting
timely reconciliation, and ensuring that compliance
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is accurate [5]. Existing accounting technologies
often lack predictive capabilities and intelligent
decision-support mechanisms.
C. Research Motivation
The research is motivated by the fact that there is an
increasing urge towards smart automation in
Investment funds industry. Financial operations now
give rise to greater complexities, which the
conventional accounting methodologies just cannot
handle efficiently and accurately [6]. This paper can
examine the use of AI and machine learning
methods to improve the performance of fund
accounting based on automated analysis and
detection of anomalies. The study is a step towards
creating a data model that can aid the next level of
intelligent investment management systems.
D. Research Objectives
Aim
The paper aims at establishing an Al-centered
framework that can detect an accounting anomaly
and facilitate reconciliation, as well as enable
intelligent decisions.
- To create a synthetic dataset of accounting
activities of investment funds.
- To test machine learning models to identify
accounting anomalies.
- To examine how Al helps to enhance fund
accounting processes.
-> To suggest an Al-empowered change
model to the operation of investment funds.
E. Novel Contribution
The study presents a new Al-based accounting
system for funds that integrates the fields of
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synthetic financial data generation with machine
learning-driven  anomaly detection to fund
investment operations. This paper uniquely
compares experimental models of fund accounting
in terms of evaluating the problems of fund
accounting, thus differentiating primary operative
determinants of intelligent accounting decisions and
automation rates, whereas previously available
research addressed general financial automation in
general.

I1. Related Work
A. Financial Process Automation using Artificial

Stock Market Sales
Predictions Forecasting
{H
Management Trading

Anti Fraudery Personalized
Finance

Credit Card and Process
Automation

Loan Decisions
Fig. 1. Financial Process Automation using
Artificial Intelligence

The impact of Artificial Intelligence (AI) on
enhancing the automation of financial processes
through automated tasks that are performed
manually by substituting manual procedures with
data-driven, smart ones is described in the previous
studies. Machine learning, deep learning, and
natural language processing are some Al
technologies that have been used in automated
transaction processing, financial forecasting,
compliance monitoring, and decision support [7]. Al
systems have the potential to go through huge
amounts of financial data in much faster and more
accurate timeframes than with conventional rule-
based systems. Al has proven to be of immense
usefulness in financial institutions through the
reduction of the cost of operation, enhanced
reporting quality, and diminution of human mistakes
[8]. All the current studies focus on banking,
insurance and trading applications, with little focus
being given to investment fund accounting
operations [9]. The fund operations, which involve
NAV calculation, reconciliation and regulatory
reporting, are complicated and thus need specialized
Al structures [10].

B. Applications of machine learning to Financial
Risk and Anomaly Detection
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Fig. 2. Application of Machine learning to
Financial Risk and Anomaly Detection
Machine learning has emerged as a relevant topic in
the exploration of financial risk management as it
offers the potential to find complex patterns and
establish suspicious behaviors on large data sets.
Some research has wused supervised learning
methods, such as Logistic Regression, Decision
trees, Random forest, Support Vector machines, and
Gradient Boosting models in their financial
classification and prediction problems [11]. These
models have proved to be helpful in detecting
fraudulent  transactions, credit risks and
irregularities of operations. Unsupervised learning
algorithms, such as clustering algorithms and
Isolation Forest algorithms have been explored to
identify unknown anomalies in absence of
predefined labels [12]. Machine learning methods
can be used in investment fund accounting to
facilitate automated reconciliation, transaction
monitoring as well as detection of accounting

discrepancies [13].
C. Digital transformation and Intelligent
Accounting Systems
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Fig. 3. Al based Accounting Process
Intelligent accounting system can improve financial
processes by automating the data collection process,
improving the accuracy of reports and promoting
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real time financial information. Accounting systems
that include AI help to classify automatically,
perform predictive analysis, and track financial
operations round the clock lessening the reliance on
manual methods. The study [14] has verified that
organizations that use intelligent accounting
technologies record better efficiency in their
operations, less time in processing and better
decision making processes. Majority of the available
research studies however examine Al adoption in
corporate accounting, auditing scenario and in
enterprise resource planning [15]. Some of the
research on the use of intelligent systems with
specific application to investment fund accounting
has been conducted, with its complicated
transactions, portfolio estimations, and regulatory
demands posing unique operational issues [16].

D. AI Implementation Issues in Investment Fund
Management

The financial organizations tend to struggle with
issues of data availability, data quality, model
transparency, compliance with regulation and
integration with current accounting infrastructure
[16]. Explain ability and reliability are vital qualities
of Al systems to consider in investment fund
management because  high-quality financial
reporting and decision making are crucial in the
sector [17]. Scientists have pointed out that black-
box machine learning models can evoke trust
challenges among the financial practitioners based
on inadequate knowledge on prediction outcomes
[18]. Moreover, the expenses on the development
and assessment of Al solutions are limited by non-
availability of publicly accessible investment fund
accounting datasets [19]. Generation of data and
controlled laboratory conditions can offer
alternative data testing methods and keep data
confidential [20].

E. Research Gap

Despite the effectiveness of Artificial Intelligence
and machine learning with respect to financial
automation, risk analysis, and anomaly detecting
that existing studies reveal, there is a lack of
research on the specifics of  Al-driven
transformation within investment fund accounting
[21]. There are no studies in the existing literature
that can evaluate machine learning models
applicable to fund accounting tasks experimentally
in full because publicly available datasets are not
publicly available. Current methods offer a low level
of analysis of reliable Al, efficiency of its operation,
and detection of anomalies [22]. Hence, this study
fills those gaps by creating a synthetic dataset and
testing Al models to transform intelligent fund
accounting.
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II1. Proposed Al-Based Fund Accounting
Framework
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Fig. 4. Proposed Al-Based Fund Accounting
Framework

The planned Al-supported funds accounting system
is a systematic method to change the traditional
processes of investment fund accounting based on
artificial intelligence and machine Learning [23].
The framework comprises five primary layers,
including some data sources, data preparation,
Al/machine learning processing, output generation,
and a decision support provided by Al
The former layer gathers pertinent financial data
such as transaction data, portfolio holdings, market
pricing data, reference data, and regulatory
compliance data. The ingested data is transformed in
the data preparation layer, where the data ingestion,
data cleaning, data validation, data transformation
and feature engineering methods are used to enhance
data quality and transform the data to be analyzed
[24].
The models examine accounting trends, find
anomalous transactions, and make predictive
information about the risks of finances and
operational effectiveness [25].
The output layer introduces the model results to the
real-world use like detecting anomalies, automating
reconcilements, checking risks, monitoring
compliance and reporting management. Lastly, Al-
based decision support layer offers practical
suggestions to fund accounting professionals to
enhance accuracy, efficiency, transparency, and
regulatory compliance [26]. Cross-cutting elements,
such as data security, governance, model evaluation,
on-going learning, and explain ability keep the
framework reliable, scalable, and capable of
supporting future intelligent operations of
investment funds.
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IV. Research Methodology

A. Research Design
The present study uses an experimental form of
quantitative research methodology to assess
effectiveness of Artificial Intelligence (AI) and
machine learning to revolutionize the work of
investment funds accounting. Since no publicly-
available fund accounting datasets are available, a
synthetic dataset is constructed to provide a
simulation of realistic investment fund accounting
activity. The experimental method allows to
compare several machine learning algorithms
systematically in terms of predetermined metrics of
performance [27]. Python analytical experiments are
implemented with the use of data preprocessing,
model training, testing, and evaluation processes to
define the appropriateness of the base Al models to
fund accounting solutions.
B. Development and description of dataset.
It develops a synthetic investment fund accounting
dataset to capture the operations carried out in the
up-to-date fund management conditions. The data is
represented by simulated financial transaction,
portfolios, reconciliation, compliance and risk-
related data. The dataset generated can emulate real
patterns in the operation of investment funds and
preserve the privacy of data and eliminate reliance
on confidential financial data with 10,000 rows and
10 columns.
The dataset has several attributes of accounting
behavior, such as:

e Transaction amount
Transaction frequency
Asset category
Portfolio value
Settlement duration
Reconciliation accuracy score
Compliance status
Reporting delay
Risk indicator

e  Accounting anomaly label
The status of accounting transactions is expressed by
the target variable:
0 = Normal accounting activity
1 = Unusual or suspicious accounting operation.
The  dataset allows  experimenting  and
benchmarking a solution based on AI in fund
accounting.
C. Preprocessing and Feature Engineering of
data
Prior to the actual process of machine learning
algorithms, the dataset is subject to preprocessing
processes that enhance data quality and the
effectiveness of the model. Data cleaning is done to
eliminate inconsistencies, missing data, and
duplication. Encoding methods can be used to
convert categorical variables into numeric
representations, which enable machine learning
models to work with financial features [28].
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Feature engineering is run to determine significant
account indicators, as well as enhance predictive
power. New attributes are used to create such
derived features as transaction risk score,
reconciliation efficiency, and compliance level of
deviation. Moreover, numerical characteristics are
normalized to apply equal contribution in the
training of the model.
The process of standardization is symbolized as:

x =X H

o
where:

e X' represents the normalized feature value,
e X represents the original feature value,
e 1 represents the mean value of the feature,
e ¢ represents the standard deviation.
Data undergoes processing to obtain training and
testing data elements, split of data is based on 80:20
ratio where 80% of information is used to train the
model and the remaining 20 percent is used to test
the performance of the model.
D. Machine Learning Models
This study will compare various machine learning
models to determine the best one suitable in fund
accounting transformation using Al.
Logistic Regression
The Logistic Regression is implemented as a
foundation model of classification in prediction of
accounting anomalies.
The likelihood function is defined as:

PU=D= 1=

In which p(Y=1) is the likelihood of an abnormal
transaction and of course the weighted sum of the
input features, z.
Random Forest
Random Forest is used as an ensemble learning
algorithm whereby several decision trees are used to
enhance the accuracy of classification and minimize
over fitting.

Y = mode{T1(X),T2(X),T3(X),...,Tn(X)}
The probability distribution is then calculated using
the formula below,

N
P(Y=clX)= %Z I(Ti(X) = ¢)
i=1

Where:

e P(Y=c|X) = probability of class cc

e N =number of trees in the forest

e [ =indicator function

e Ti(X) = output of individual decision tree
XGBoost
The choice of the Extreme Gradient Boosting
(XGBoost) is driven by the fact that it performs well
in prediction in structured financial data.
The XGBoost Optimization formula is:

Obj =i =YL 1y, J1) + Xi=1 2(Fk)
Where, Q(fk) =yT +3 A1l w II?

128



2
%’ 7
N International Journal of Artificial Intelligence and Computer Electronics

INTERNATIONAL JOURNAL OF ARTIFICIAL INTELLIGENCE

'AND COMPUTER ELECTRONICS

e [(yi,y1) = loss function measuring
prediction error

Q(fk) = regularization term

T = number of leaves in the tree

W = leaf weights

v = regularization parameters

Support Vector Machine (SVM)

The application of SVM determines the best
decision boundaries between the normal and
abnormal transactions in accounting. It works well
in high-dimensional data in which complicated
classification patterns are present.

For nonlinear financial patterns, SVM applies kernel
transformation:

K(xi,x))=¢(x1) " T*¢(xj)

Where:
e  K(xi,xj) = kernel function
®  {(x)\phi(x) = transformed feature space

E. Model Evaluation Metrics

The classification models are evaluated by the
conventional machine learning assessment measures
such as accuracy, precision, recall, Fl-score and
ROC-AUC. The accuracy measures are tests of
overall prediction correctness, whereas the measures
of precision are tests of the model in detecting
anomalous accounting transactions [29]. The FI-
score gives a mixed measure of precision and recall,
at the same time, ROC-AUC is a measure of the
ability of the model to distinguish normal and
abnormal fund accounting operations.

F. Pseudo Code

1. Load dataset
2. Remove irrelevant attributes
3. Handle missing values and encode categorical
features
4. Normalize numerical features
5. Split dataset into training and testing sets
(80:20)
6. Initialize machine learning models:
a. Logistic Regression
b. Random Forest
c. XGBoost
d. Support Vector Machine
7. For each model M:
a. Train M using training dataset
b. Predict accounting anomalies on test data
c. Calculate Accuracy, Precision, Recall, F1-
score, and ROC-AUC
8. Compare performance of all models
9. Identify best-performing model
10. Analyse important accounting features
influencing predictions

Fig. 5. Pseudo Code
The pseudo-code outlines the methodical process of
the implementation of the machine learning
framework. The algorithm begins with loading and
preparation of data of synthesizing fund accounting
by cleaning, encoding and feature scaling. Various
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classification models are trained on processed data
and are assessed on the basis of performance
measures.

G. Flow Diagram

| 1. PROBLEM DEFINITION AND OBJECTIVES

¥

2. DATASET DEVELOPMENT

!

3. DATA LOADING AND EXPLORATION

!

| 4. DATA PREPROCESSING

!

5. TRAIN-TEST SPLIT

)

6.1 LOGISTIC 6.4 SUPPORT VECTOR
REGRESSION 6.2 RANDOM FOREST 6.3 XGBOOST MACHINE (SVM)
’ 7. MODEL EVALUATION I
| 8. PERFORMANCE COMPARISON |
| 9. FEATURE IMPORTANCE ANALYSIS |
| 10. RESULTS AND CONCLUSION |
Fig. 6. Flow Diagram

The flow diagram of methodology is the entire
research process of creating an Al-based fund
accounting system. It starts with problem definition
and synthetic data set generation, then data
exploration, preprocessing and train test splitting.
The four machine learning models, such as Logistic
Regression, Random Forest, XGBoost, and SVM
are trained and assessed.

V. Experimental Results and Analysis
Distribution of Normal and Anomalous Fund Accounting Transactions
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o
o
S
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Accounting Status (0=Normal, 1=Anomaly)

Fig. 7. Distribution of normal and abnormal
Fund Accounting Transactions

The analysis of the class distribution provides the
percentage of normal and abnormal fund accounting
transactions in the synthetic data having 10,000
observations. Most of the transactions are
considered normal accounting but a lesser
percentage is likely to be anomalies. This imbalance
is representative of real financial settings whereby
irregular transactions are less common.
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Correlation Heatmap of Fund Accounting Features
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Fig. 8. Correlation Heatmap of Fund
Accounting Features
The results of the analysis show that reconciliation
score, compliance status, and reporting delay are
more strongly correlated with the accounting
anomalies than other features. Extremely low score
in reconciliation and high report delays are related
with high likelihood of anomaly.
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Fig. 9. Analysis of Fund Accounting Results of

Variables by their features
The results of the feature distribution analysis depict
differences in behavior of normal and anomalous
transactions on key accounting variables, such as
amount of the transaction, portfolio value,
settlement period, reconciliation score, and
reporting delay.

Machine Learning Mode! Performance Comparison

10 - caracy
= precision
- fecal
- F s
08 . ROC-AUC
06
&
04
02
00
3 5 & ¢
& & & b
& \ &
Q!» <

Fig. 10. Comparison of performance between
machine learning models
The predictive performances are high around 97%,
across all the models and it shows the usefulness of
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machine learning in analyzing fund accounting.
Some of the considered methods, ensemble-based
models like Random Forest and XGBoost, offer
better results, because they can capture the interplay
of more intricate relationships in the patterns of
financial transactions.

Logistic Regression Confusion Matrix
g 5 Random Forest Confusion Matrix

g 80§ 661
600 600
- 27 230 .
w00 - £ 219 w00
200 200
0 o 1

1

Predicted Predicted
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Actual
Actual

Fig. 11. The Classification Models Confusion
Matrix Analysis
The confusion matrices give a comprehensive
analysis of the classification results of the four
machine learning models. The findings indicate that
all algorithms are able to detect normal and
anomalous accounting transactions with minimal
classification errors. The XGBoost and Random
Forest have better capacity to detect anomaly
because they demonstrate less false negative and

false positive classifications.
ROC Curve Comparison of Al Models
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Fig. 12. ROC Curve Comparison of Al Models
The ROC curve is used to assess classification
capability by comparing the performance in terms of
true positive and false positive. All models achieved
high ROC-AUC values, implying that they
discriminate well between normal and abnormal
transactions. The findings validate the claim that Al-
based classification can be employed to successfully
identify accounting anomalies. Both XGBoost and
Random Forest are very reliable in providing
predictive performance in regards to intelligent fund
accounting applications.
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Feature Importance Analysis for Fund Accounting Anomaly Detection
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Fig. 13. Importance Analysis of features to fund
accounting anomaly detection

The feature importance analysis shows the most
significant variables that help predict anomalies in
the form of the Random Forest model. These results
imply that the indicators of operational efficiency
and regulatory compliance have a considerable
impact on accounting abnormalities.
Discussion

TABLE I. Model Comparison Summary

Model Accuracy Precision Recall F1 Score ROC-AUC
Logistic Regression 0.9735 0.898438 0.894942 0.896686 0.996868
Random Forest 0.9765 0.960526 0.852140 0.903093 0.997394
XGBoost 0.9745 0.918699 0.879377 0.898608 0.997370
SVM 0.9735 0.914634 0.875486 0.894632 0.994658

The experiment has shown that Al-based machine
learning models can be effectively used to change
the investment fund accounting processes by
detecting anomalous transactions correctly. The
considered models demonstrated good classification
rates, which validates the ability of Al to enhance
operational stability, risk identification, and
accounting automation. The studies fill the gaps that
currently exist in terms of scarce empirical
assessment and absence of specialized fund
accounting data by establishing an experimental
framework based on synthetic data provision. One
of the crucial findings is that operational indicators,
specifically reporting delay, reconciliation score,
and compliance status have a tremendous impact on
the prediction of the anomalies that are beneficial
intelligence in intelligent fund accounting system.
Limitation
> The synthetic fund accounting dataset is
generated and might not fully reflect the
intricate financial behaviours that are
witnessed in the real fund management set-
ups.
> The experiment tests a chosen machine
learning classification, yet no attempts at
smart Al like deep-learning, explainable
Al, and real-time Al deployment systems
were tested, thereby restricting the
exploration of larger Al capabilities.
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VI. Future Research Directions

Further experiment can be made in terms of the
validation of the suggested framework by means of
the real data of fund accounting in the industry
where the collaboration should be arranged.
Explainable Al techniques will be incorporated in
further research to enhance model transparency and
incorporate trust. Also, deep learning, generative Al,
and intelligent accounting agents can be discussed to
create more adaptable and autonomous fund
management systems.

VII. Conclusion

The study shows that accounting of investment
funds can be revolutionized with the help of
Artificial Intelligence and machine learning tools
that detect anomalies automatically and offer
suitable decisions. The framework created is
effective to assess various classification models in
terms of a synthetic fund accounting data and to
stress on the relevance of operational indicators in
the detection of accounting anomalies. The findings
can fill any existing gaps in the literature as they
offer an experimental Al-based solution aimed at
fund accounting applications. Machine learning
algorithms like Random Forest, XGBoost, and SVM
performance are very promising in analyzing pattern
of a transaction in financial transactions. The
research provides a basis of future Al-oriented,
scalable and dependable fund accounting system.
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