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Introduction

Smart Account Model provides a
scalable, automated, and intelligent
solution for SMEs by integrating
accounting automation with real-time
fraud detection, enhancing both
efficiency and financial security.




Problem Definition

A

* Manual accounting is error-prone
 SMEs vulnerable to fraud

* Traditional methods fail in real-time
detection




Objectives

Automate accounting tasks
Detect fraud using ML/DL
Evaluate using datasets
Provide explain ability (XAl)




Background

* Al Transforms Accounting
 Automation + Fraud Detection
* Improves Accuracy & Efficiency




Fraud in SMEs

* 5% Revenue loss Annually

e Weak Controls

 Manual Systems Ineffective




Challenges

e Data imbalance

 Limited SME datasets

ivacy issues

* Pr

* Explain ability needed
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Smart Accountent Model

A

* Al-based smart
accounting system

e Automation + fraud
detection + XAl

Master Thesis

Fig. 2.6 Proposed Smart
Accounting Framework (Overview)

Al-Based Smart

Accounting
System for SMEs

v v

Fraud
e
Al-Based Engine

Smart
Data Entry B Accounting ML + DL
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Invoice
Processing m
| ]
‘ Real-Time
Alerts &
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* Architecture

* Data Collection

* Data Preprocessing
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Architectural plan for the Model construction steps

Al-Based Smart Accounting System

Automate Accounting & Fraud Detection in SMEs

Data Sources

LM

Invoices POS Bank

{

Data Ingestion

APIs / OCR / Data Pipelines

Predictive Analytics

- — = + @ + -
Data Processing

Cleaning & Structuring

= Automated Accounting Fraud Detection

‘ e A ly Detecti
Transaction Classification no,:,‘nf KAOZJE o
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Decision & Analytics

Dashboards & Alerts

-

User Interface
\

Hn‘ I SMEs | Accountants | Admin

Forecasting & Insights
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End-User Interface

Smart
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The artificial intelligence algorithms used in building the Model.

P
<

Chi-Square / SelectKBest
SMOTE
Random Forest

Decision Tree

SVM - Support Vector Machine
Isolation Forest

XGBoost

SHAP/TreeExplainer
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Dataset Description

e “Artificial Intelligence and Accounting
Profession” dataset (Mendeley)
https://data.mendeley.com/datasets/p
32vrn9dtz/1

* Supplemented with synthetic SME data

* Characteristics: class imbalance, tabular
financial data

It contains 5,000 financial Records and 33 columns
The columns ¢« were classified into 8 main Features:
Transaction_ID, Transaction time,Amount
,Merchant_Description,Account_Type,Previous  Amo
- unt, Is_Recurring,Risk level.




Model workflow steps

P
<

DataSet

\

Preprocessing + Label Encoding

%

Feature Selection (Chi-Square)

2

SMOTE To address the imbalance

2

Classification models
—>Random Forest

—> Decision Tree

- SVM

%

Fraud Detection
— Isolation Forest
— XGBoost

\*

Explainable Al
- SHAP



Relative feature importance ranking extracted from the
dataset

Chi-Square /Select K Best Algorithm
< |

s oluallggi

oyl
s Ul

3 sy,
dlolaa 37 dua aLYI

dady ddleall Bue

Bl Ll

‘|||III|

T T T T

0.000 0025 0050 0075 0.100 0125 0.150 0175 0200
Lanyl




Transaction volume distribution across accounting categories
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Random Forest Acurcy:88.47% ,Decision Tree Acurcy:88.6;




Financial Outlier Analysis by Category

Decision Tree, Random Forest Algorithm
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Temporal Transaction Trends and Monthly Revenue Analysis

<«

SVM — Support Vector Machine Algorithm
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Revenue-to-Expense Ratios & Financial Statements Analysis

<
<«

SVM - Support Vector Machine Algorithm
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Transaction breakdown between Normal and Fraud (Left)
‘and Scatter plot of Transaction Amount vs. Risk Score (Right).

Isolation Forest Algorithms
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Suspicious transaction amount distribution by predicted class (Left)
and Confusion Matrix (Right).

Isolation Forest Algorithm
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SHAP Bee swarm plot showing global feature impact and value
distributions on model predictions.

SHAP /Tree Explainer Algorithm

sl ¢ o J—
&ldl alall e _——
daidy daalleall 3ae e e
dlaloe 33 dza aLYI - we oo
sblsall @y so s
oy Ul
Joya aogll
350
oy lualdl g g
2 f 0 ! 2
zisadl layia e 550 G

Q Ji) COlas 5 al:

LR | -
ks st pm e
TECNERTe

L Y -

VR

s s BT el i 22" AL 4.- ;
» ':J'WJ'--?,_;;,; =0




Fraud Detection Performance
Summary

Report and Metrics
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Artificial Intelligence Code in The project.
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!3enefits of the Model and Added Value for Companies

* Reducing manual workload: Automating
invoice classification and accounting entries
by up to 90%.

* Enhancing accuracy and compliance: Directly
minimizing human error and adhering to
accounting standards.

* Early Fraud Detection: Protecting financial
assets through real-time alerts prior to fund
transfers.

* Enhanced financial and investment insights:
supporting decision-making through a
dashboard and accurate cash flow forecasts.



The Model future vision

ACCOUNTING SYSTEM

Smart Analytics... Precise Recording... Decisive Action
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