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Abstract:

This research aimed to explore the integration of an automated
expert systems in credit score analysis in Egyptian companies
listed in EGX - (non-financial sectors), focusing on accuracy,
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efficiency, and adaptability. To achieve this objective, the
researchers applied on 71 from Egyptian listed companies in
EGX 100 indicator - Non-Financial Sectors - and the data input
was between 2019 to 2022. The study was carried out in two
phases, combining theoretical and practical approaches to ensure
reliable results. In the first phase, a credit scoring model is
developed using insights from previous studies, adapted
specifically to the Egyptian financial environment. This model
incorporates both qualitative and quantitative methods to capture
the complexities of assessing creditworthiness, reflecting real-
world credit evaluation scenarios. By addressing financial and
non-financial factors, it provides a strong foundation for research.
The second phase applies rule-based expert systems to the model.
These systems use a set of predefined rules to evaluate
creditworthiness, classifying companies into risk categories
based on dynamic scoring formulas. The system is tested and
refined through simulations and reality trials, ensuring it is
adaptable to Egypt’s evolving financial landscape. Adjustments
are made to optimize its performance, ensuring consistent and
accurate  results. The study demonstrates significant
improvements over traditional methods. The automated expert
systems achieve a 99% accuracy rate compared to manual
evaluations, reduces data entry errors, and speeds up the
evaluation process. It also allows for detailed data classifications,
making it easier to compare companies within and across sectors.
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By streamlining credit analysis processes, this research highlights
the potential for automated expert systems to transform credit
risk management. The findings provide valuable insights for
financial institutions looking to enhance decision-making and
adapt to changing regulatory and market demands.
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1. Introduction:

The stability of the world’s financial system and the success of
a country's monetary policy largely depend on the strength of its
financial system, especially banks. Banks, which are key players
in risk management, are becoming increasingly crucial due to
their connections with global markets and rapid tech
advancements. Bank loan approval is a critical and time-
consuming process. To manage credit risk effectively, banks must
carefully assess customers’ repayment capacity, annual income,
and credit score (Kumar, et al., 2024).

The 2007 global financial crisis made it clear that financial
institutions and investors need to be more careful with their
credit offerings and focus on long-term stability. Being able to
foresee credit risks is now crucial for keeping banking systems
healthy. This foresight helps protect credit institutions from bad
financing decisions and keeps investors from making unwise
investments. (Zavos, et. al., 2023)

Credit risk significantly impacts banks’ profitability and
economic growth, as it involves potential financial losses from
borrowers defaulting on loans. Effective credit risk management
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is crucial to maintaining stability and ensuring sustainable
financial performance in the banking sector. (Kamara, 2024).
It’s a major concern because it can lead to non-performing loans,
reducing a bank’s income and affecting the value of its assets.
This risk exists in both the visible and hidden activities of banks.
Accurately identifying and measuring credit risk through clear
indicators and data is key to managing and minimizing these
risks. (Syadali, et. al., 2023)

Furthermore, giving loans, the primary income source for
banks, is complex and challenging. Banks strive to find
customers who can repay their loans. Despite stricter credit
policies, some loans still go unpaid. The loan approval process in
banks worldwide involves evaluating both financial and non-
financial aspects using a credit scoring model. Effective
management of credit risk is needed to oversee this process.
Later, banks examine non-performing loans to evaluate the
effectiveness of their loan granting practices. These procedures

help classify customers and decide who gets a loan and how
much. (Abu, 2024)

On the other side the Artificial intelligence (Al) is
transforming various sectors globally, changing the technological
scene significantly. Industries like healthcare, retail, and
hospitality are increasingly using Al to improve their services. Al
helps these industries gather, process, and analyze data to better
cater to individual customer needs. Additionally, Customer
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Relationship Management (CRM) systems in various sectors are

being enhanced with Al to increase customer satisfaction and

loyalty, streamline operations, and boost productivity. This shift
highlights Al's crucial role in reshaping business strategies and

customer interactions. (Belfguira, 2023)

So the research focuses on the integration of an automated
expert systems, A form of AI Model called in credit score
analysis in Egyptian companies listed in EGX - (non-financial
sectors), focusing on accuracy, efficiency, and adaptability.

2. Research Problem:

- Timing plays a critical role in ensuring an effective and
efficient credit assessment process. In addition to timing,
qualitative and quantitative factors must be carefully
considered in assessing credit scores. Incorporating these
factors enhances the accuracy of credit decision-making,
providing a more reliable assessment of creditworthiness.

- The accuracy of using quantitative and qualitative credit risk
factors in the assessment process significantly impacts the
accuracy and reliability of credit score assessments. Ensuring
accuracy in this process can be categorized into three main
stages. The first stage is data entry accuracy, which involves
reducing the error rate while entering financial and non-
financial information. The second stage is data classification
accuracy, which ensures that information is correctly classified
based on credit-related risk factors. The final stage is data

Yove Ll - JsY) aasl) e (ualid) alaal)
Yeey



Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....

Mohamed Naser Abdel-Atty Hammed

analysis accuracy, where qualitative and quantitative factors
are systematically analyzed to extract meaningful insights that
support high-quality credit decisions.

By focusing on these three stages of accuracy, financial
institutions can improve the efficiency, reliability, and
effectiveness of their credit risk assessments, ultimately
leading to more accurate and informed credit approvals.

. Research Objectives:

Main Goal: Explore the integration of an automated expert
systems in credit score analysis.

Sub Goals:
- Adapt a credit rating model into automated expert systems.
- Evaluate the effectiveness and efficiency of the automated
expert systems.

. Research Questions:

Main question: Can the integration of automated expert
systems, with credit approval systems effectively solve the
main problems of timing and accuracy of credit scoring
systems in Egypt?

- Sub questions:

- How can a credit score model be transformed into
automated expert systems?

- How can expert systems enhance the efficiency of credit
score systems?
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5- Research Importance:
-Academic perspective:

- From an academic perspective, this research topic holds a
significant contribution to academic knowledge in credit scoring
in the Egyptian banking sector using of expert systems.

- The research will help to understand how expert systems can
be utilized in the context of literature application expert
systems implementation in credit score.

-Practical / Technical perspective:

- The integration of automated expert systems in credit approval
processes can add significant value and benefits to the banking
sector in the Egyptian economy.

- More effective and accurate implementation of these systems
can help Egyptian banks improve their loan approval processes
and enhance overall financial performance, which in turn
facilitates access to credit for different types of businesses.

- This improvement can promote economic growth and
contribute to the financial stability of the banking sector.

5. Research model data flow used in expert systems:

The expert credit scoring system follows a structured data flow
model. The process begins with data entry, where relevant
financial and non-financial information is collected. This data is
then segmented and classified based on pre-defined criteria to
ensure organized processing.
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Next, criteria are defined, thresholds and risk indicators are
defined that guide the evaluation. These criteria are used to create
rules, forming the basis for assessing borrowers’ risk levels. The
system then applies these rules in the scoring stage, where a
credit score is assigned based on logical conditions and
structured criteria.

This is followed by score classification, using a grading
method to classify borrowers according to risk levels. Finally, the
system generates the final score, providing a comprehensive and
reliable credit score.

This automated, rule-based approach reduces human bias,
reduces processing time, and improves decision-making accuracy.
By leveraging structured logic, expert systems provide a scalable
and adaptive solution for modern credit risk assessment, ensuring a
more robust, data-driven assessment process.
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Figure 1

Research model data flow used in expert systems source by author

6. Credit risk model:
This credit risk framework provides a comprehensive approach
to assessing creditworthiness by integrating financial,
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commercial, administrative, security, and relationship risks. The
structured assessment of these risk categories enables financial
institutions to make informed, data-driven credit decisions,
minimizing potential losses while ensuring sustainable lending
practices.

The researchers added sub-variables to the financial risk
influencing factor “activity ratios and market ratios” based on the
recommendations of previous studies and the model was

modified to measure the average score for the previous 4 years
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Figure 2 credit risk framework
(source: modified by author based on Bank, B. (2005): Kabir, et.
al., (2010)).
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7. Theoretical framework of credit scoring

Credit risk refers to the probability that a borrower will fail to
meet their financial obligations, leading to losses for the lender.
This includes defaults on both principal and interest, disrupting
cash flow (Bussmann, et. al., 2020). According to (Mohamed,
et. al., 2025), credit risk arises when a borrower fails to make
payments as promised, which is a significant concern for
financial institutions. (Tsintsadze, et. al., 2019) define credit risk
as the possibility that a borrower may not repay their loan, which
affects the lender’s cash flow and increases recovery costs.
Effective risk management involves evaluating the borrower’s
financial stability to reduce the likelihood of defaults.

(Jeyaraj, et. al., 2021) highlight that credit risk is evident
when borrowers default on obligations such as loans, mortgages,
and credit cards. Managing this risk requires choosing reliable
borrowers, securing loans with collateral, and using financial
models to assess the likelithood of default, based on factors such
as portfolio quality and economic conditions.

7.1- Development of the Theory of Credit:

M. Bunge’s work Theory of Credit (1852) is one of the earliest
comprehensive studies on credit. He defines credit as an
exchange where goods or services, to be paid for in the future,
serve as the object of exchange. This transaction is based on trust
and the expectation of future repayment. Bunge also explores
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credit from both moral and economic perspectives. In 1868, he
established the Kyiv Mutual Credit Association, serving as its
chairman until 1871. The Association was a key institution in
Kyiv, offering mortgage loans to small businesses and addressing
the scarcity of affordable financing. It operated until 1918 and
was influential in shaping the credit landscape across the Russian
Empire, particularly through its innovative adoption of the
Institution of Authorized Representatives (Lopukh, 2019).

In modern contexts, credit theories have evolved. In China, the
dynamics of urban construction investment bonds are shaped by
government policies and fiscal decentralization. Implicit
guarantees from local governments, despite lacking formal
assurances, influence  market  perceptions and  the
creditworthiness of municipal bonds. The 1994 tax-sharing
reform and the role of local financing platforms have created a
complex relationship between credit risk, policy, and market
behavior (Sichen, 2024).

Meanwhile, contemporary credit theory, as discussed by
(Florian, et. al., 2024), examines how money, laws, and social
systems shape credit practices in capitalism. The theory
highlights issues such as "monetary sabotage," where financial
systems are exploited for private gain, leading to instability and
inequality. Credit 1s increasingly based on intangible assets like
patents, reflecting a shift from traditional credit models.
Financialization, criticized for prioritizing profits over public
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good, exacerbates economic inequality, urging a reevaluation of
credit’s role in modern society.

Finally, (Li, et. al., 2023) explore the relationship between
commercial credit and risk-taking. Their findings show that when
commercial credit 1s limited, firms avoid risk due to insufficient
resources. However, abundant credit empowers firms to take bold
investments and pursue growth opportunities, as illustrated by the
Substitute Financing Theory.

7.2 Credit risk models:

Credit risk models are essential for banks, helping them measure
and manage risks associated with lending. These models assess
the likelihood of borrower repayment, thereby reducing potential
losses and supporting profitability. The Basel Il and 11l Accords
emphasize the importance of strong credit risk models, requiring
banks to develop internal systems for estimating regulatory
capital. These measures not only help reduce risk but also
enhance a bank's reputation and operational efficiency. In recent
years, banks have significantly invested in advanced systems to
improve how they model credit risk, which aids in evaluating and
managing risks across various regions and product lines
(Adamaria, et. al., 2023).

. Altman’s Z-Score:

The Altman Z-score is a vital tool for predicting credit risk,
particularly for identifying bankruptcy risk. It provides lenders
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with insights into a borrower's financial health, with an accuracy
rate ranging from 71.21% to 80.30% (Tatjana, et al., 2024). The
score helps determine if a company is in the "safe," "grey," or
"distress" zone:

« A score above 2.60 indicates a 'Safe' zone.
« Ascore between 1.1 and 2.60 indicates a 'Grey' zone.
« A score below 1.1 indicates a 'Distress' zone.

In 1977, Altman, Haldeman, and Narayanan improved the Z-
score model, creating the ZETA score, which combines financial
ratios to reflect a company’s financial health. The ZETA score
remains widely used, with research showing that it can predict
bankruptcy with 90% accuracy, particularly for companies listed
on the Kuwait Stock Exchange (Tatjana, et al., 2024). The
ZETA score uses metrics like return on assets, debt service,
liquidity, and capitalization.

In 1995, Altman, Hartzell, and Peck developed the Emerging
Market Scoring Model (EMZ-Score), which adapts the original
Z-score for emerging markets, incorporating variables like
current assets, retained earnings, and book equity to total
liabilities. Despite their widespread use, these models face
limitations, as they rely heavily on historical financial ratios,
making them less effective in rapidly changing economic
environments (Musaed, 2019).
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The Altman model is often criticized for its narrow focus on just
five financial ratios, ignoring other factors like stock price
movements, market value, and macroeconomic conditions such
as inflation and GDP changes. Critics argue that these models do
not fully capture the complexities of the economic environments
in which firms operate, leading to less reliable predictions,
particularly for smaller firms and during periods of economic
volatility (Svatopluk, et al., 2022; Heaton, 2020; Bohdan, et
al., 2018).

. The KMV Credit Monitor Model:

The KMV Credit Monitor Model, derived from options pricing
theory by Merton (1974) and Black and Scholes (1973), is
another crucial model for assessing credit risk. The model
addresses the challenge of evaluating repayment incentives by
considering a firm’s asset and equity volatility. The model
calculates the Expected Default Frequency (EDF), which
indicates the probability of default within a given timeframe,
typically one year. The EDF is determined based on the
likelihood that the market value of a firm’s assets will fall below
the obligations of its debt (Yang, et al., 2023).

Originally developed by the KMV Corporation, later acquired by
Moody's, the model is now a standard tool for assessing default
risks in large corporations. Empirical evidence shows that larger
banks have lower levels of asset volatility and are at a reduced
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risk of default compared to smaller institutions, highlighting the
model’s utility in differentiating risk across institutions
(Qingyuan, 2022).

The KMV model is particularly effective in identifying credit
risks and assessing repayment capacity, proving to be a valuable
tool for financial institutions in maintaining stability and
managing risks effectively (Jia, et. al., 2024).

7.3- Credit agencies

Credit Rating Agencies (CRAS) assess the creditworthiness of
various entities, including countries, corporations, and financial
products such as bonds or money market instruments. The Credit
Rating Agency Reform Act of 2006 grants the U.S. Securities
and Exchange Commission (SEC) the authority to regulate and
oversee Nationally Recognized Statistical Rating Organizations
(NRSROs), a designation first applied to CRAs in 1975.
Currently, there are 10 CRAs with NRSRO status, which are
distinguished by factors such as their coverage, methodology,
pricing model, scale, and size (U.S. Securities and Exchange
Commission, 2024).

In the United States, the dominant CRAs—Moody's, S&P, and
Fitch—operate in an oligopolistic market structure. Moody's and
S&P collectively rate over 80% of all outstanding issues, with
Fitch holding a smaller market share. These CRAs generally
operate under the "issuer-pay model," where issuers pay for
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credit assessments based on a combination of quantitative and
qualitative analysis by the CRAs' analysts. Moody's and S&P are
key players in empirical analyses, and their rating methodologies
and scale types differ slightly. For instance, Moody's includes
rating modifiers, whereas S&P assigns a "D" rating to entities in
default, while Moody's typically removes ratings for defaulted
firms (CareEdge Ratings, 2024).

Moody's, founded by John Moody in 1909, is now a subsidiary
of Dun & Bradstreet, and it provides credit ratings to evaluate
issuers' ability to meet financial obligations. S&P, part of
McGraw-Hill, offers credit rating services alongside financial
and valuation advisory services and has a long history dating
back to the early 20th century.

7.4 - Credit Scoring, Credit Rating, and Sovereign Credit
Rating:

In the next section, researchers review the difference between
the concepts related to credit, which are credit scoring, credit
rating and sovereign credit rating

- Credit Scoring

Credit scoring is a financial evaluation method used to assess an
individual’s or organization’s creditworthiness, determining the
likelihood of timely repayment of debt obligations. At its core, a
credit score is derived from an algorithm that considers various
financial factors, such as payment history, outstanding debt, length
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of credit history, types of credit used, and recent credit inquiries
(Mukhanova, et. al., 2024). These factors are typically weighted
differently depending on the scoring model used, such as FICO or
Vantage Score, each providing a numerical representation of credit
risk (Mohammed et al., 2025).

Credit scores are crucial in financial decision-making as they
influence access to credit, interest rates, and loan terms. For
individuals, a high credit score reflects a strong financial
reputation, granting better borrowing opportunities and lower
costs. For businesses, credit scoring helps lenders evaluate
repayment risks, often incorporating additional metrics such as
revenue stability and market conditions (Wei, et. al., 2024).

Modern credit scoring has evolved to include advanced
techniques like machine learning, which enhances the accuracy
of predicting defaults by analyzing large datasets (Mukhanova,
et. al., 2024). However, critics argue that traditional credit
scoring models may lack adaptability, failing to account for
broader macroeconomic factors like inflation or sudden market
downturns. Furthermore, reliance on historical data can
perpetuate financial inequalities, excluding individuals with
limited credit histories from accessing favorable credit terms
(Kuang, et. al., 2024).

Ultimately, credit scoring is a dynamic and essential tool for
financial risk assessment, offering insights into borrower reliability
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while continuing to evolve with technological advancements and
changing market needs (Sreekanth, et. al., 2024).

- Credit Rating

Credit rating is a comprehensive assessment of the
creditworthiness of an entity, such as a corporation, government,
or financial instrument, reflecting its ability to meet financial
obligations. Credit ratings are typically issued by agencies like
Standard & Poor’s (S&P), Moody’s, and Fitch, using a
combination of qualitative and quantitative factors. These ratings
provide a standardized evaluation of risk, facilitating decision-
making for investors, lenders, and policymakers (S&P, 2024).

Credit ratings are numerical assessments of a borrower’s
creditworthiness, evaluating their financial strength concerning a
specific debt or financial obligation (Shailesh, 2024). The
methodology for determining credit ratings involves analyzing
financial stability, debt levels, and market conditions. Ratings are
expressed as letter grades, ranging from high-grade (AAA or Aaa)
to speculative or junk grades, signifying varying degrees of credit
risk (Kuang et al., 2024). These ratings serve as a benchmark for
investment quality, influencing interest rates and a borrower’s
ability to secure financing (Mukhanova, et. al., 2024).

Modern advancements in credit rating methodologies incorporate
machine learning and big data analytics to improve the accuracy of
predictions. These tools enable rating agencies to analyze vast
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datasets, account for macroeconomic trends, and capture emerging
risks in real time (Mohammed, et. al., 2025). However, credit
ratings have faced criticism for over-reliance on historical data and
static weighting systems, which may not adequately capture
dynamic market environments (Wei. et. al., 2024).

Moreover, credit ratings play a critical role in global financial
markets by signaling economic stability and guiding investment
flows. However, concerns about conflicts of interest, particularly
In issuer-pays models, have raised questions about the objectivity
and reliability of these ratings (Sreekanth, et. al., 2024). Despite
these challenges, credit ratings remain a fundamental tool in
evaluating financial risks and opportunities.

- Sovereign Credit Rating

Sovereign credit ratings assess the financial reliability of a
country and its capacity to meet debt obligations. These ratings
significantly impact fiscal policy and investment decisions,
especially in developing countries. In these regions, the
methodologies used by credit rating agencies can sometimes be
biased, resulting in negative financial consequences and
reinforcing economic subordination (Ramya, 2024). Sovereign
credit ratings provide an overview of a nation’s creditworthiness
and determine the conditions under which the country can issue
new debt. They gauge the likelihood of default, which affects the
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cost at which governments can borrow and the broader economic
conditions (Michel, 2022).

A sovereign credit rating also reflects a country’s economic
performance, political stability, and development level. It serves as a
critical indicator of investor confidence, influencing both the
decision to invest in the country and the borrowing rates the country
faces (Srdan et al., 2022). Essentially, sovereign credit ratings assess
the risk of default and shape the yields at which governments can
issue debt, playing a vital role in the country’s economic stability and
international financial relations (Overes et al., 2021).

In conclusion, sovereign credit ratings are essential tools for
evaluating a country’s financial health and risk, influencing
everything from debt issuance to foreign investment decisions.

8. Theoretical framework of Expert systems:

In this section, researchers review the theoretical part related
to artificial intelligence, machine learning, deep learning, expert
systems, types of expert systems, and especially rule-based
expert system.

8.1- Artificial Intelligence:

Artificial Intelligence (Al) is a multidisciplinary field aimed at
automating tasks that traditionally require human intelligence. By
leveraging machine learning algorithms, Al systems analyze data
patterns, process language, and create intelligent solutions. These
technologies enable machines to autonomously perform complex
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tasks by learning from new data inputs, leading to intuitive
automation (Pragyna, et. al., 2024).

Al replicates human cognitive functions like data analysis,
decision-making, and language processing. This has driven
transformative advancements in industries such as healthcare,
finance, and manufacturing, enhancing efficiency, accuracy, and
productivity (Anurag, 2024).

Emerging in the 1960s, Al has evolved significantly due to
global scientific collaboration. Initially focused on numerical
data, Al now emphasizes symbolic data processing. A notable
application is MYCIN, an expert system designed to identify
bacterial infections and recommend treatments based on patient
weight, utilizing a backward chaining methodology. This
highlights Al's adaptability and its impact across diverse fields
(Bharti, et. al., 2020

Acrtificial Intelligence

_—a
Machine Learning

///
/

/
(

Deep Learning

Figure: 3
Relationship between Al, machine learning, deep learning
Source: Artificial Intelligence in Healthcare Industry, P4,2023
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8.2 - Machine learning (ML):

Machine Learning (ML), a subset of Artificial Intelligence
(Al), focuses on enabling computers to analyze data and learn
from it to build predictive models. It uses algorithms to
automatically identify patterns, distinguishing between those that
learn features from examples and those relying on manually
defined features (Rui, 2024). ML involves creating statistical
models trained on real-world data to predict outcomes or classify
observations, improving over time as more data is incorporated
(Luc, et. al., 2022).

ML allows systems to enhance their performance autonomously,
eliminating the need for explicit programming. It has facilitated
significant advancements in various fields, such as industrial
operations (Massimo et al., 2021). It also finds applications in
business scenarios like product recommendations, stock market
predictions, and language translation (Carta, et. al., 2021).

ML employs computational methods inspired by human
cognition and decision-making, using statistical and probabilistic
techniques. Algorithms in ML are broadly categorized as
supervised or unsupervised. Supervised algorithms, in particular,
use prior learning to adapt to new data and can identify linear and
non-linear relationships within datasets (Bharti, et. al., 2020).
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Figure: 4
machine learning stiuacture

Source: Performance Evaluation of Machine Learning Algorithms for
Dengue Disease Prediction,2019

8.3- Deep Learning:

Deep learning is a branch of artificial intelligence (Al) and
machine learning (ML) that uses neural networks to find patterns
in data like text, images, audio, and video (Alex, 2024). It’s a
more advanced type of algorithm that powers applications like
language translation and self-driving cars. Deep learning works
well with large datasets, though researchers are still trying to
understand why it is so effective (Stephen, 2024).

It uses multilayered neural networks to achieve high accuracy
in tasks like object detection, speech recognition, and language
translation. For example, in self-driving cars, deep learning helps
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analyze huge amounts of data, such as identifying faces in photos
and videos (Bharti, et. al., 2020).

8.4- Expert Systems:

An expert system is a computer program that copyist the
decision-making abilities of a human expert in a specific field.
These systems can provide advice, analyze information, make
diagnoses, and support professionals by saving time and
Improving accuracy (Sevda, 2024).

- Where Expert Systems Are Used

a) Healthcare: Expert systems help doctors by analyzing patient
symptoms and medical histories. They use methods like decision
trees and rules to suggest possible diagnoses, making medical
evaluations faster and more accurate (Alua, et. al., 2024).

b) Other Fields: Expert systems are used in areas like
engineering, business, and gaming, solving problems by using
a knowledge base and reasoning like a human specialist
(Waiman, 2024).

- How Expert Systems Work (Scikit-learn, 2018):

a) They follow if-then rules to make decisions.

b) They can infer results even when data is incomplete.

c) They explain their conclusions and focus on gathering the
most relevant information.

d) They have three main parts:

- Knowledge Base: Stores important information.
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- Inference Engine: Makes decisions based on the data.
- User Interface: Lets users interact with the system

- Challenges of Expert Systems (Mahdavifar et. al., 2020).
a) It’s hard to build large, accurate knowledge bases.
b) They don’t work well for tasks that need calculations or
statistics.
¢) They struggle to adapt to new situations.
d) Managing large systems is complex.
- History and Evolution
Expert systems were developed in the 1980s to help with
medical diagnoses and other tasks. While they were useful, they
often made errors and couldn’t adapt to new situations. These
early systems paved the way for more modern Al methods like
deep learning, but their limitations, like replicating human
intuition, affected their usefulness in real-world scenarios
(Bharti, et. al., 2020; Mahdavifar, et. al., 2020).
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Figure S
The framework of a rule-based expert system

Source: DeNNeS: Deep Embedded Neural Network Expert System for
Detecting Cyber Attacks., 2020

- Characteristics of Expert Systems
Expert systems have several key features that make them

effective tools for problem-solving (Sevda, 2024):

a) Knowledge Representation: Expert systems use structured
formats, like rules or facts, to mimic human decision-making
and solve problems logically.

b) Inference Mechanism: They have an inference engine that
reasons through the knowledge base to provide solutions,
making them capable of tackling complex problems.
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c) User Interface: A user-friendly interface ensures that even
non-experts can easily interact with the system to get insights.
d) Domain Specificity: Expert systems are tailored to specific
fields, like medicine or engineering, allowing them to deliver
precise, targeted solutions.

e) Consistency and Reliability: Unlike human experts, these
systems produce consistent results without being affected by
emotions, fatigue, or biases.

- Objectives of Expert Systems

The main goal of expert systems is to transfer specialized
human knowledge into a computer and make it accessible to
users. This involves four main activities (Bharti, et. al., 2020):

a) Knowledge Acquisition:  Gathering and organizing
knowledge from experts with the help of a knowledge
engineer.

b) Knowledge Representation: Structuring knowledge using
tools like semantic networks or rule-based systems to make it
usable by the system.

¢) Knowledge Inference: The inference engine applies logic and
rules to solve problems using the knowledge base.

d) Knowledge Verification: Ensuring the knowledge is accurate
and complete through expert validation and iterative
refinements.
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- Advantages of Expert Systems

Expert systems offer numerous benefits compared to human
experts (Mohammed, et. al., 2019):

a) Combine expertise from multiple experts for broader insights.
b) Analyze large datasets quickly and comprehensively.

¢) Require less training time than human experts.

d) Provide consistent and error-free outputs.

These features make expert systems efficient and reliable tools
for solving a wide range of problems.

- Types of Expert Systems
Expert systems come in various types, each suited to different
needs (Mohammed, et. al., 2019):

a) Knowledge-Based Systems (KBS): Act as on-demand experts,
providing consistent advice while saving time and money.

b) Rule-Based Systems: Use "if-then™ rules to simulate human
reasoning and solve problems systematically.

c) Artificial Neural Networks (ANNSs): Mimic the human brain,
recognizing patterns and making predictions or classifications
from data.

d) Fuzzy Expert Systems: Use fuzzy logic to make decisions with
a degree of uncertainty, handling vague and imprecise
scenarios effectively.
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- History and Structure of Rule-Based Expert Systems

Rule-based expert systems have roots in the production system
model developed in the 1970s by Newell and Simon at Carnegie
Mellon University. These systems simulate human problem-
solving by applying a set of known rules (Talukdar et al., 2023).

Core Components of Rule-Based Expert Systems

a) Knowledge Base: Contains rules in the form of "if (condition)
then (action)" to solve problems or make recommendations.

b) Database: Stores facts to be matched against rule conditions.

¢) Inference Engine: Applies reasoning to connect rules with the
database to generate solutions.

d) Explanation Facilities: Explains its reasoning and the need
for specific information.

e) User Interface: Provides users with solutions in an accessible
format.

These components work together to create a reliable, human-
like decision-making process. Expert systems laid the foundation
for modern Al applications, showcasing how knowledge can be
structured and applied computationally (Talukdar et al., 2023).
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Figure 6

The framework of a rule-based expert systems
Source: Artificial Intelligence in Healthcare Industry Book,2023

9- Empirical studies of credit scoring:

The researchers move on to the next section to review some of
the empirical research related to bank risks and credit risks, using
artificial intelligence and expert systems in risk management and
expert systems in credit score analysis.

9.1 Bank Risks and Credit Risks:
This part reviews key studies on bank risks, credit risks, and
the use of artificial intelligence and expert systems in risk
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management and credit score analysis. The aim is to identify
common patterns and insights into risk management in the
banking sector.

Banks face many types of risks, such as credit, liquidity,
market, operational, legal, compliance, reputation, and strategic
risks. Effective risk management strategies are essential.

study by (Nosheen. et. al., 2024) examined the critical
importance of managing credit risk to ensure the success and
stability of banks. A study focusing on banks in Pakistan from 2007
to 2017 how credit risk impacts both conventional and Islamic
banks. In Islamic banks, factors like return on equity (ROE), return
on assets (ROA), liquidity, the difference between lending and
deposit rates (spread), and the size of the bank have a significant
relationship with credit risk. Interestingly, the measure of
insolvency risk (Z-score) has less impact on Islamic banks
compared to conventional ones. For conventional banks, factors
such as efficiency, ROA, and bank size are closely linked to credit
risk and directly influence overall banking performance. An
increase in credit risk is often reflected in a higher ratio of non-
performing loans (NPLs), indicating more loans are at risk of not
being repaid. The study's findings are valuable for policymakers
and banking professionals in Pakistan as they highlight the need for
effective credit risk management. By understanding how credit risk
affects different types of banks, strategies can be developed to
improve the health of the banking sector.
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Another study (Zhao, et. al., 2023) also confirmed that various
risks in bank lending are interconnected, particularly highlighting
the impact of leverage risk, Environmental, Social, and
Governance (ESG) risks, and liquidity risks. It found that
leverage risk led to a significant reduction in loan spreads post-
2014, especially affecting nonbank facilities and highly leveraged
borrowers. Additionally, it revealed that companies facing higher
ESG risks tend to bypass banks for market loans to avoid strict
scrutiny, while those with higher ESG ratings often receive better
terms from banks with similar high ESG scores. The thesis also
linked funding liquidity constraints in banks to reduced stock
liquidity, especially during financial crises, providing a deeper
understanding of the interplay between leverage, ESG, and
liquidity risks in banking.

These studies show the importance of comprehensive risk
management strategies and robust internal controls in banks.
Effective risk management helps banks adapt to changing
conditions and comply with relevant principles and regulations.

9.2 Using Artificial Intelligence and Expert Systems in Risk
Management:

Artificial Intelligence (AI) and expert systems have
significantly transformed risk management, especially in project
management and financial stability assessments.
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(Odejide, et. al.,2024) noted that the integration of Artificial
Intelligence (AIl) significantly transforms project management,
particularly in decision-making and risk management. The
research explores Al’s capability to analyze vast amounts of
project-related data to identify trends and predict outcomes, thus
enabling better resource allocation and scheduling. Al's advanced
algorithms, such as machine learning and deep learning, are
shown to effectively handle both structured and unstructured
data, which helps in crafting detailed risk assessments and
proactive mitigation strategies. This proactive approach not only
enhances decision-making but also fosters a more dynamic
response to potential disruptions, thereby increasing overall
project success rates.

, The study (Tangsawasdirat, 2021) noted that credit scoring
models developed for Thai SMEs using financial and non-
financial data can effectively predict defaults. Major findings
indicate that statistical methods like logit regression, and
machine learning methods such as decision trees and random
forests, are proficient in assessing credit risk. Particularly, the
random forest model was highlighted for its efficacy, while
logistic regression models were recognized for their user-
friendliness for loan providers. The study emphasizes the need
for ongoing development in this area, underscoring the critical
role of machine learning and statistical models in the evaluation
and management of credit risk.
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However, A study (Teles, 2020) has suggested that decision
support systems significantly enhance credit risk assessment in
banking operations involving collateral. By integrating advanced
machine learning techniques and statistical models, these systems
improve the accuracy of credit scoring. The research underscores
the importance of such systems in managing credit risks
effectively and suggests that further development could
transform credit risk evaluation practices, leveraging the potential
of artificial intelligence to refine decision-making processes in
financial institutions.

Al and expert systems can improve risk management by
enabling more accurate and proactive assessments. Using Al for
project data analysis and fuzzy logic for financial stability
assessments demonstrates the versatility and effectiveness of
these technologies in managing risks.

9.3- Expert Systems in Credit Score Analysis:

Expert systems and advanced algorithms, such as Neuro-Fuzzy
models and machine learning techniques, play a crucial role in
improving credit score analysis and risk prediction.

(Cavusoglu, et. al., 2023) noted that a novel Neuro-Fuzzy
model for credit scoring can effectively classify the
creditworthiness of clients by integrating expert opinions and
aligning with institutional policies. The research utilized
Artificial Neural Networks to generate evaluation metrics for
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various ANN topologies, assessed through different tuning
hyperparameter techniques. Concurrently, a comprehensive
evaluation metric hierarchy was constructed using the Fuzzy
Analytic Hierarchy Process, combined with a TOPSIS model to
determine the optimal neural network topology. This dual-phase
methodology leveraged the strengths of both neural networks in
credit risk assessment and fuzzy systems to enhance decision-
making transparency, highlighting the indispensability of human
expertise in validating decisions based on ANN outputs.

The study by (Tian, et. al., 2022) revealed significant
improvements in predicting delinquencies and defaults among
retail consumers and SMEs using a combination of machine-
learning techniques and rule-based methods. Analyzing data from
2018 to 2020 within a major business district in China, the
research employed nonlinear nonparametric models based on
combined datasets of customer transactions and enterprise data.
These findings suggest that aggregated credit risk analytics could
play a crucial role in forecasting systemic risks. Emphasizing the
importance of leveraging historical consumer credit data,
especially during pandemic periods, the study indicates that these
insights are invaluable for enhancing credit risk assessment
models.

In the same context (Myachin, et. al., 2021) investigated the
development of a fuzzy expert system designed to evaluate the
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financial security of telecommunications companies. This system
uses publicly available data to analyze three key financial
indicators: Current Ratio, Equity Ratio, and Return on Assets. By
employing fuzzy logic, these indicators are transformed into
fuzzy sets to assess the financial stability of the enterprises. The
study utilizes the Mamdani fuzzy inference method to compute
market concentration and then fuzzifies the output to derive clear,
actionable financial security assessments. This approach was
tested on three wireline communication companies, effectively
demonstrating its capability to provide both numerical and
qualitative evaluations of financial health.

Finally study (Soui, et. al., 2019) confirmed the effectiveness
of a rule-based model utilizing multi-objective evolutionary
algorithms (MOEAs) for credit risk evaluation, marking a
significant advancement in financial risk assessment.
Emphasizing  the  balance  between  accuracy  and
comprehensibility, the research methodologically compared four
MOEAs: NSGAII, MOEA/D, SMOPSO, and SPEA2. Notably,
the findings highlighted the SMOPSO algorithm as particularly
effective in generating classification rules that enhance decision-
making transparency in financial contexts, The study also
recommended the necessity of using a rules-based system in
evaluating credit ratings using more and more complex factors.
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The use of expert systems and advanced algorithms greatly
enhances credit score analysis and risk prediction. Combining
machine learning techniques and rule-based methods provides
robust solutions for predicting creditworthiness and managing
credit risks, highlighting the need for ongoing development in
this area. Despite the progress of research in Al and machine
learning-based credit assessment models, the integration of
expert systems into credit risk assessment has a gap. Therefore,
our research will focus on developing a modified credit risk
model and integrating it with expert systems, which will enable
more accurate, transparent and adaptive risk assessments in
financial institutions. In this context, we review some selected
studies that integrated credit models and that relied on important
determinants with different used Al tools in addition to the
samples used in each study to highlight the importance of
choosing a credit model as well as relying on expert systems. The
following tables show these studies:
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Table 1: Selective literature of credit risk factors

shbaugh-Skaife,
Collins, and LaFond
(2006)

regression and
speculative grade

governance quality
rated by S&P; profiles

Authors Method Sample Significant determinants
2000 firms with Numbeli of Outsi.de Blo.ckhc.)lders, Accrual
. . Quality, Earnings Timeliness, Board
Ordinary varying corporate

Independence, CEO Power, Insider
Ownership, Board Expertise, Leverage,
Return on Assets, Net Income Before

lysi 22,000 individual
analysis on 2 . Individua Extraordinary Items, Size, Subordinated
directors
Debt, Interest Coverage
Generalized
Estimating
Sih (2006) Equations model, U.S.-operating firms Industry Type, Cash, Market Value
considering panel
data
Australi i
Gray, Mirkovic, and Ordered probit ra‘tl: dr:: lasngfl‘::;av:el:: Interest Coverage, Leverage, Profitability,
Ragunathan (2006) models 1195_2002 Industry Concentration
it Total Assets, Equity, D it Profit,
Sales (2006) Ordered probi 44 Brazilian banks otal Assets, Equity, epl).sl s, Gross Profit,
models Net Profit, Operating Profit
Ordered logit .
A Petrobras oil and gas Interest Coverage, Short-term Debt/Total
Bone (2007) model for rating .
companies (2007) Debt
forecast
Ordered probit
Shiu and Chiang O:fige:’eeidsll(:):it Companies in the Leverage, Reinsurance, Concentration Index,
, o Lo .
(2008) model for Lloyd’s Market Profitability, Liquidity, Growth, Size
robustness check
it Equity/Total Assets, Liquidity, Size, Net
Matousek and Ordered pTObl 681 international quity/Total Asse s,. iquidi y,.Slze, e
model with Interest Margin, Operating
Stewart (2009) . banks .
dynamic factors Expense/Operating Profit, Return on Assets
Ordered logit
Int hort- Debt/Total
Bone (2010) models, ordered Repsol-YPF (2010) nterest Coverage,DSet;)trt term Debt/Tota
probit models
Logistic 4,504 Brazilian consumer . .
. . . Client type, gender, age, marital status,
ouzada et al. (2012) Regression loans in a commercial leneth of residence
Models bank g
Logisti
Re Ofelzs;con 492 accepted and
Bekhet and Eletter Mo dgel Radial rejected applications 12 financial and non-financial variables
(2014) L . in different Jordanian related with consumer loans
Basis Function .
A Commercial Banks
Scoring Model
Profitability, Debt-payi ili i
Darwish & Fuzzy Logic real data from rofitability, al)eill)it:)a)lljil]gll?dl;l ity, Operation
Abdelghany (2016) Model Egyptian CIB bank. ¥, L y
Authors Method Sample Significant determinants
Yusof, Alias, Kassim KMYV-Merton Four Malaysian firms liquidity, solvency, indebtedness, return on
and Zaidi (2021) model (2014 -2019) asset (ROA), and interest coverage.
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Myachin, Yudina
and
Myroshnychenko
2021

3Ukrainian firms of
telecommunications
enterprises

fuzzy expert
system

Current Ratio, Equity Ratio, Return on
Assets (ROA)

Modisane et al.
(2024)

data collection,

statistical ..
Debt-to-asset ratios, income changes, general

analysis, case Comprehensive C e .
. . economic indicators, regulatory changes, and
studies, banking sector data . .
A technological innovation.
comparative
analysis

Source (Le, 2019) and completed through by author
This table presents a review of key studies on credit risk
factors, highlighting the methodologies, sample data, and
significant determinants identified by various researchers. And
based on the previous table we find that
- Leverage, interest coverage, profitability, and liquidity are
commonly identified as significant determinants of credit risk.
- Different studies apply regression models, probit models, and
logit models to analyze corporate and banking credit risks.

Table 2: Literature review on the use of financial ratios

Author Main idea of research
Frederiksust Predif:t.ed c-orporate failure base(.i on li.quidity, Proﬁtability,
(2001) solvability, industry, and economic variables using data from

failed Dutch firms.

Trenvino (2002)

Suggested that the price-earnings ratio is highly correlated with
future stock return, though it is subjective and depends on investor

expectations.
Arnott (2003) Found a high corre?ation betweel? increasing earnings per share
and increasing payout ratios from 1946 to 2001.
Lewellan (2004) Demonstrated that financial ratios are still a valid tool for stock

price prediction in modern economic environments.

Alfaro et. al.
(2008)

Used an alternative method (AdaBoost and neural networks) for
corporate failure prediction, comparing empirical models.
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Uyar and Okumus Investigated the impact of the 2008 financial crisis on Turkish
(2010) industrial enterprises using financial ratios.
Yu and Wenjuan Used decision trees to examine financial ratios influencing profit
(2010) growth in logistics companies.
Confirmed the effectiveness of credit ratings in measuring credit
Sickelova (2017) risk by integrating both quantitative and qualitative factors.

Developed a methodology for calculating credit risk based on
financial indicators.

Saygili et. al.
(2019)

Highlighted the role of credit scoring for SMEs in accessing
financing, emphasizing financial and non-financial factors like
liquidity ratios and the age of major shareholders.

Angeline et. al.
(2021)

Examined firm-specific factors affecting credit rating changes.
Used the Ordered Probit model to analyze factors like the interest
coverage ratio.

Modisane et. al.
(2024)

Emphasized the importance of various factors influencing credit risk
management and financial performance. Found that incorporating

weights of evidence improves credit risk prediction models.

Source (Le, 2019) and completed through by author

This table presents a review of key research studies focusing
on corporate failure prediction, financial ratios, credit risk
assessment, and credit scoring methodologies.

Important points:

- Corporate failure prediction relies on financial indicators like
liquidity, profitability, and solvability.

- Financial ratios remain critical tools for predicting stock
prices, credit ratings, and corporate stability.

- Machine learning and alternative models (AdaBoost, Neural
Networks, Decision Trees) enhance credit risk prediction.
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- Credit scoring for SMEs is vital for access to financing, with a
growing focus on qualitative factors.

- Modern Al-driven methodologies (weights of evidence,
ordered probit models) improve risk assessment accuracy.

10. Methodology

This research introduces an updated to the best of researcher
knowledge it divided this approach divided into three main
phases. Each phase is different but connected, helping to validate
our ideas through real data.

Phase 1: Model Methodology Based on Credit Score
Framework

This phase focuses on developing a model inspired by previous
studies, tailored specifically to companies listed in Egypt.

. Data Collection and Analysis: Both qualitative and
guantitative methods are used to gather and validate data.

« Objective: To mimic real credit evaluation scenarios and
address the complexities of assessing creditworthiness in the
Egyptian financial sector.

« Outcome: A foundational model capturing key features of
credit scoring to serve as a basis for further application.
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Phase 2: Application to Rule-Based Expert Systems

The second phase applies rule-based expert systems to enhance
the credit analysis process.

- How It Works: The developed model is translated into rules
that define what makes a company creditworthy.

- Testing: The systems are tested through simulations and real-
world trials to assess and fine-tune their performance.

- Goal: To ensure these systems adapt effectively to Egypt’s

dynamic financial

landscape,

decision-making in credit analysis.

improving accuracy and

Risk Component .
Number p Parameters P. Weights
components s weights
L Current Ratio
Liquidity =10 . -
Quick Ratio
Activity = 10 Cash conversion 10
cycle
Operating profit 25
margin ’
N fi i 2.
Profitability = 10 et profit margin S
Return on 25
1 Financial Risk 50% Investment
Return on equity 2.5
Debt to equity 4
Debt to asset 3
Leverage =15 Long term debt to 3
assets
Coverage 5
Price / Earnings 25
Market = 5
Market / Book 2.5
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This dual-phase methodology ensures the research findings are
both reliable and practically applicable for improving credit
evaluation practices in Egypt.

10.1 - Model Methodology

The "Credit Risk Grading Manual” by (Bank. B. 2005:
Kabir, et. al., 2010) provides the foundation for this phase. It
introduces a structured framework for assessing and grading
credit risk in banking, emphasizing a systematic approach for
effective risk management.

The methodology evaluates creditworthiness by analyzing five
key risk areas, each weighted and assessed to derive an overall
risk grade:

- Financial Risk Evaluation
This assesses risks arising from financial instability, focusing on:

a) Leverage, liquidity, profitability, interest coverage ratios, and
the cash conversion cycle.

b) Identifying risks associated with high debt, poor cash flow,
low profitability, or weak liquidity.

c¢) The cash conversion cycle is particularly important, as it
reflects financial deficits and is widely used in literature.

- Business/Industry Risk Evaluation
This evaluates risks tied to industry conditions or business
challenges, such as:
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a) Industry growth, market competition, business size, and
market entry/exit barriers.

b) Identifying risks from low market share or stagnant industry
growth.

- Management Risk Evaluation
This focuses on risks linked to managerial deficiencies,
assessing:

Management experience, succession planning, and teamwork
effectiveness.

- Security Risk Evaluation
This evaluates the quality and adequacy of collateral in case of
default, considering:

Collateral valuation, location, and overall security strength.
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Table 3: Components and Weights of Credit Risk Factors

Size of Business

Age of Business
) Business/Industr 18% Business Outlook
y Industry growth
Market competition

Entry/Exit Barriers

Experience
Management 12% _
Risk ° Succession

Team Work

Security coverage
4 Security Risk 10% Collateral coverage
Support

Account conduct

N AEINAS| AR A  NEIN|N| W W WK,

Relationship . Utlllzathn of limit

5 Risk 10% Compliance of
covenants

Personal deposit 1

Total score 100

- Relationship Risk Evaluation
This assesses the borrower’s history and interactions with the
bank, focusing on:

Credit limit utilization, account performance, and compliance
with terms.

The previous table shows the credit model, the main factors”
risk component “for evaluation, and the sub-factors”
parameters“for each main factor, with a weight for each of the
main and sub-factors. We then move on to review a table
showing the grade of assessment based on actual assessment
which is equal between 0:100.
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Table 4: Credit Score Grade

Number | Risk Grading Short Score
Name
1 Superior SUP 100
2 Good GD 85+
3 Acceptable ACCEPT | 75-84
4 Marginal/Watchlist | MG/WL | 65-74
5 Special Mention SM 55-64
6 Sub-standard SS 45-54
7 Doubtful (SourceDKabir, et. al.33044)
8 Bad & Loss Source! @&Bbir, et. al.,2836)

(source: modified by author based on Bank, B. (2005): Kabir, et. al.,
(2010))

A. Superior (SUP) - Grade 1

- Description: Credits are exceptionally secure, backed by full
cash coverage, government guarantees, or top-tier international
banks.

B. Good (GD) - Grade 2

- Description: Credits backed by borrowers with excellent
repayment capacity, strong liquidity, low debt, consistent
earnings, and a solid market position.

- Guarantee: Often guaranteed by top-tier local banks.
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- Score: 85 or higher.
C. Acceptable (ACCPT) - Grade 3

Description: Credits from borrowers with stable but not
exceptional performance.

Features: Adequate liquidity and secured with acceptable
collateral.

- Score: 75 to 84.
D. Marginal/Watchlist (MG/WL) - Grade 4

Description: Credits requiring closer monitoring due to
increased risk factors.
- Score: 65 to 74.

E. Special Mention (SM) - Grade 5

Description: Credits showing potential weaknesses that
need management attention.

Score: 55 to 64.
F. Substandard (SS) - Grade 6

Description: Credits with doubtful repayment capacity,
indicating financial vulnerability.

Risk Level: High risk of loan settlement issues.
Score: 45 to 54.
G. Doubtful (DF) - Grade 7
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- Description: Indicates a high probability of non-repayment
of principal and interest, with losses likely.

- Features: Not classified as irrecoverable but significant risk
due to factors like litigation.

- Score: 35 to 44.
H. Bad & Loss (BL) - Grade 8

- Description: Represents severe financial issues or near
liquidation, with minimal recovery chances.

- Action: May require write-off pending security liquidation.

- Score: Below 35.
10.2- Research model data flow used in expert system

Data input . Data . Sitting . Create
Division parameters Rules

L3 'y

v

Calssification
. Result
Final Result |« | resultscore |, score

(Grading mathod)

Figure 1
Research model data flow used in expert system source by author

The credit scoring process in a rule-based expert systems
follows a structured workflow designed to automate and enhance
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the accuracy of credit assessments. It begins with a data entry
phase, where credit-related information is collected. This data is
then divided into data categories to ensure a strong analytical
basis for accurate predictions. Once the data is prepared, the
system moves to the parameterization phase, where key criteria
and conditions for credit scoring are configured. Based on these
parameters, specific rules are created to guide the assessment
process. These rules are then applied to calculate an initial credit
score, known as a score. To ensure meaningful interpretation, the
system categorizes this score into a rating system, assigning a
category that reflects the borrower’s creditworthiness. Finally,
the process culminates in the assignment of a final credit score,
which provides a comprehensive and automated assessment of
credit risk. By structuring the process in this way, the expert
systems enhances the decision-making process by ensuring
consistency, accuracy, and efficiency in the assessment of credit
applications.

10.3 - Population and Sample:

At this stage, researchers move on to reviewing the study
population and the sample subject to testing and measurement

10.3.1 - Population: Egyptian Listed Companies

The study focuses on all companies listed on the Egyptian
Listed Companies, representing various industries and sectors.
These companies reflect the dynamics of the Egyptian economy
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and market regulations, making them an ideal population for
research on corporate performance, governance, and economic
Impact

10.3.2 - Sample: EGX100 (Non-Financial Sectors)

The sample consists of companies from the EGXI100,
excluding those in the financial sector. The EGX100 comprises
the top 100 companies by market capitalization and liquidity,
providing a strong representation of Egypt's corporate activity.
Focus on Non-Financial Sectors: By excluding financial
companies, the study concentrates on manufacturing, technology,
services, and healthcare industries. This ensures a broader
creditworthiness analysis while avoiding the financial sector's
unique complexities, which require specialized methodologies.
This targeted approach allows for a comprehensive assessment of
credit scoring across diverse industries in Egypt.

Table 5 : Companies sample: EGX 100

number Company Name Sector

Tenth Of Ramadan Pharmaceutical

1.
Industries&Diagnostic-Rameda

2. Cleopatra Hospital Company

Pharmaceutical
3. Ibnsina Pharma

Egyptian International Pharmaceuticals

(EIPICO)
5. Al Tawfeek Leasing Company-A.T.LEASE
Real Estat
6. Development & Engineering Consultants eal Lstate
7. El Shams Housing & Urbanization
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8. Emaar Misr for Development

9. Heliopolis Housing

10. Ismailia Development and Real Estate Co

11. Mena Touristic & Real Estate Investment

12. Palm Hills Development Company

3 Pioneers Properties For Urban

) Development(PREDCO)

number Company Name

14. Orascom Development Egypt

15. United Housing & Development

16. Zahraa Maadi Investment & Development
number Company Name Sector
17. Medinet Nasr Housing
18. El Kahera Housing Real Estate
19. Egyptians Housing Development &

Reconstruction
20. Sharm Dreams Co. for Tourism Investment
21. Misr Hotels Travel & leisure
22. Egyptian for Tourism Resorts
23. Ezz Steel
24, Abou Kir Fertilizers
25. Kafr El Zayat Pesticides
26. Egyptian Chemical Industries (Kima)
27. Misr National Steel - Ataqa Basi
28. Paint & Chemicals Industries (Pachin) asic resources
29. Sidi Kerir Petrochemicals - SIDPEC
30. Egypt Aluminum
31. Asek Company for Mining - Ascom
32. Misr Fretilizers Production Company - Mopco
33. Elswedy Electric Tndustrial ds &
34. Gadwa For Industrial Development n lfs rial goo s
service automobile
3s. GB Corp
36. Natural Gas & Mining Project (Egypt Gas) utilities
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37. E-finance For Digital and Financial Investments
38. Egyptian Media Production City
39. Fawry For Banking Technology And Electronic It , media &
Payment communication
40. Orascom Investment Holding
41. Telecom Egypt
42. Alexandria Mineral Oils Company Energy & Support
43. Egyptian Transport (EGYTRANS) services
44, MM Group For Industry And International Trade &
Trade distribution
45. United Arab Shipping Shipping &
46. Canal Shipping Agencies Transportation
47. Alexandria Containers and goods services
48. Al Khair River For Development Agricultural
Investment&Envir
49. Obour Land For Food Industries
50. AJWA for Food Industries company Egypt
51. Raya Contact Center
52. Edita Food Industries S.A.E Food , Beverages
and Tobacco
53. Delta Sugar
number Company Name
54. Eastern Company
55, The Arab Dairy Products Co. Arab Dairy -
Panda
56. Ismailia Misr Poultry
57. Juhayna Food Industries Food , Beverages
58. Cairo Poultry and Tobacco
59. Maridive & oil services
60. Taaleem Management Services Esdel::]?ctl:n
61. Nasr Company for Civil Works Contracting &
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62. Giza General Contracting construction
The Egyptian Company for Construction engineering
63. :
Development-Lift Slab
64. Orascom Construction PLC
65. El Nasr Clothes & Textiles (Kabo)
66 Alexandria Spinning & Weaving
] (SPINALEX) Textile &
67. Dice Sport & Casual Wear Durables
68. Arab Cotton Ginning
69. Oriental Weavers
70. Misr Cement (Qena)
Building Material
71. El Ezz Porcelain (Gemma)

source by author

10.4- Testing and validation

After preparing modifications to the model, the author tested the
model on some companies to look at the possibility of
application, conformity, and the extent of the availability of
information as a verification stage. Before the second step,
figures (6&7) and table (3 )show the extent of the possibility of
application and use.
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categry of risk
1- financial Risk

2. Business/Industry Risk
| I | I

I ] [ I

3.Management Risk

1. Experience

score5 | 2.Second Line/ Succession |  scored | TeamWork | score3 |

>10

| Ready Succession 4 | VeryGood | 3

4. Security Risk

Security Coverage (Primary)

| scored | Collateral Coverage score ppor score

1. Account Conduct
ian 3 (three) years accounts with faultless

Support (Guarantee|
4 Juith high net worth| 2 _|
5. Relationship Risk

Utilization of Limit score2 4, Personal Deposits score2 Personal Deposits scorel
Personal accounts of
More than 60% 2 Full Compliance 2V e 1

Figure 6
testing on sample
(source: by author)

Figure 7
testing on sample
(source: by author
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10.5 - System Application:
The proposed credit scoring system leverages Microsoft

Dynamics, chosen for its versatile tools like Excel, Power PE,

and Microsoft Forms, offering an easy-to-use interface that

doesn’t require coding. The application process is broken down

into key components:

- 10.5.1 - Database

The database is the foundation for evaluation and must be clearly

structured for data entry and processing. The process includes:

1. Data Division:

- Data is categorized according to credit risk components (referenced

in Flgures 8, as outllned in the methodology model.

P pT—

E— — '

ompany Kam
ExSteel
Abou Kir Fertlzers
Kafr £l Zayat Pesticides & Chemicals Co.
Egyptian Chemical Industries (Kima)
Mist National Steel - Ataca
Paint & Chemicals Industries (PACH)
Sidi Keri Petrochemicals (SKPC)
Egypt Aluminum (EGAL)

The Arab Dairy Products Co. (ADPC)

Figure 8
data division
source by author
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2- Data Entry:

- Microsoft Forms was used to create a structured form for
collecting credit analysis data.

- Data is exported into Excel format, with closed and open-
ended questions designed based on credit risk components (as
shown in Table 3 and Figures 9&10).

- The form supports initial analysis, allowing for efficient data
entry and transfer.

1. Company Name *

Enter your answer

2. Company Sector *

Select your answer A%

Figure 9
data division
source by author
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2 Data Preparation:
- The entered data is organized according to the initial model
Compatibility and arrangement are demonstrated in Figure 10&11

) Computer [ Mobile

* Required
1. Company Name * (L

Ibn Sina

2. Company Sector * [

Pharmaceutical

Figure 10
data input interface
source by author

1-T3) (1) - Protecied... = Saved 10 this FC

R ABDEL ATY

File Home Insert Pagelayout Formulas Data Review View Automate Help  Power Pivot

@ PROTECTED Ew fain vingea Unk o cit. ecicd Enabic Edting x
i 0 A -
Pl company tame Sector D — otal Carrant otal Currant
2 [Tenth Of Ramadan Phar Pharmaceutical 1,279,249,234 EErr 1,281,955,163
3 [Farmity Phormaceutical 25578832 70332489
4 |cleopaira Hospial Com Pharmaceutical $32,077.228
5 [1bnsina Pharma Pharmaceutical 10470064850
& [Eayotisn internationsi 7 Phamaceutical 3464021635 2124343461 1,724,868,891 2,663853,863
7 |Al Tawfeek Leasing Com Real Estate 1,207,068,835 1,105,520,987 926,364,390 1,662,938,721
4 |Misr Hotels Travel & Lelsure 551939127 551523145 178677197 = 254624950
9 |Eayptian for Tourism Re: Travel & Leisure 17mmeaisas 1rEsrinans 1017563614 sa0702785. prorestany 1016244337
10 |62a Steet el 18745554 16761433 s2370664 3am0720% 36112585 ar160378
11 |Anou ki Fertizers e Aesourses nazeas200 20ms41073 Tesarzrsas 20m7sanre Luavstesis 1508pa82812 24sam12920
12 |Kar €1 Zoyat Pesticides £ Basic Resources 432,427,960 301,871,795 as8.427.80 37492814 208,921,005 829 42,257
43 | grptian Chemical indus Basic Resources 1250.83 281 12575 1076.61 185854 115121
24 | Wi Nationai Steei - Ats Basc Resources 15900 assa 147,84 saz.25 13308 s37.25
15 |Paint & Chemicals Indus Basic Resources. sar.an 186,67 4203 156.29 5157 23049
16 S Kerir PetrochermicalsBasic Resources. 207064 18215 178286 120507 549825 310142
17 [Eayor Aminum (EGAL) Basic Resources. aas3.67 375569 340438 azm.33 1050037 sor1.27
18 |Asek Company for Miin Basic Resources. so7.15 13276 2475 74011 85049 133481
19 | Misr Fartizers Productis Basic Razources. 2306.58 ses0.73 12252 3790.54 1250812 250716
20 [FLSWEDY ELECTRIC  Basc Resources s0361.74 3186077 a1saa 2383 92s77.58 Tw380.98
21 |68 corp Idhusriol goods & Senvic 16000.07 13546.98 1430671 19351 19856.64 15442 12866.29
23 | Natural Gas & Mining Pr U sa1a 420556 52606 sire 96a5.95 G1a1a1 cosner 645,55
23 | fimance for Digtal and t, Media & Communica 1332.75 20693 17215 712 428231 as1.00 s 109748
24 | gyption Media Producti I, Media & Communica 652 32 30007 545.92 3876 22419 arsaz 2819
25 | Faury Banking and Paye It Media & Commuica 1108.5 86012 10464 162880 3s00.8 S001.31 2081.18
26 |Orascom Investment Ha 1t Media & Communica 2378.5 asa2.53 100772 18551 1344 1958.37 1873
22 [Tetecom Egypt [ETEL) 11, Media & Communica 15403.9 2651597 17688.78 346519 26355.09 20874.93 44349.29
28 | Alexandria Mineral Oils ¢ Energy & Suppor 1826.38 896.63 1826.38 896.63 1397.6 3990.76 15516
23 | cayotian Transport & co services 22835 15 225,45 .02 a2 25312 105,33

Sheett + « — 5

Figure 11
ability to transfer into excel
source by author
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10.5.2 - Rule Base

The rule base uses Excel to manage data rows and columns with
mathematical operations and functions. The process includes:

Data Classification: Organizing data types (Table 3):
- Equations for Financial Parameters (Table 3)

Data Type

Qualitative or Quantitative

Financial data

Quantitative

Business & industry data

Qualitative & Quantitative

Management data Quialitative
Security data Qualitative
Relationship data Quialitative
Table 6 : Data type
source by author
PATAIMETer detnil eqea Hons

Current Rato

Current assets S O wrrent
limbilities

Quick ratio

{Current Assets — inventory )
Current liabilities

Cash conversion cyvcle

AT

(DIC+ DSO ) — DPO

Profitability

Operating Profit Aargin

Operating profit/ Net Sales &%

Met Profit AMargin

Net profit / Met sales &

ROE Met profit/ Total Equity %o
EAOT Met profit / Total Assets &o
Debt to Equity Taotal linbilities / Total Equity
ekt to Assets Total liabalities - Total Assets
Leverage Long Te Diebt to Assets Long Term liabdlities ~ Total
Assets
Interest Coveraze Ratio operating profit [ Finance
T peeTLS £
MAarket price per share of
PE common stock / Earnings per
share
Aiarlcet
MAarket price per share of
p.% - common stock " Book value per

share of common stocls

Size of bosiness

Sales growth

{Ending sales — bezinnineg s.ales)
beginning sales*100

Table 7 — Financial Parameters equations
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10.5.3 - Inference Engine

At this stage, data is matched against rules to generate results.
The process involves:

1. Data Integration:

- Each credit risk component (e.g., Financial, Industry,
Management) is evaluated separately on a spreadsheet.

2. Risk Assessment:

- Components are aggregated into a total score, which is then
classified into categories like 'Good' (GD), 'Acceptable’
(ACCP), or 'Marginal/Watchlist (MG/WL) based on
predefined formulas.

3. Output:

- A comprehensive risk assessment is compiled for companies
across sectors like Basic Resources, Food & Beverages, and
Construction & Materials.

- The spreadsheet functions as an analytical and decision-
making tool, categorizing companies based on total risk scores
to guide credit analysts and risk managers.
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.
Sector average of Liquidity

sector average transfer
source by author

LEVRAGE

Industri Contrac
al ting &

goods & Real [Constru

Service| Estate | ction

automo enginee; nication
bile ring

Shippin
a8l g & |Energy|Paper &
Transpo| & |packagi
rtation |Support] ng
iservices|

Service|
s

Figure 13
sector average transfer
source by author
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N.P sector ROE Secotor Average

Utilities ml
ave ra e

Trade & Distribution

Shipping &...

Paper & packaging

Industrial goods &..

Real Estate I

Energy & Support

Contracting &...|
I
I

Basic Resources

0

Figure 14 Figure 15

N.P sector average ROE sector average
source hv author source bv author
p—
A 5 o

fWcomeany _________________ Blsecor _ EllFinancisiScore  Ellindustry Score K3
2 Abou Kir Fersiizers Basic Resources [T
El Asek Company for Mining - Ascom Basic Resomces. I 5 N
4 (EGAL) Basic [
s Fgvptian Chemical Industries (Kima) Hacic Recources — %y [ T S
[ ELSWEDY ELECTRIC Basic Resources s
2 Eaz Steal Basic Resources 125 T
a Kt Ei Zayat Pesticides & Chemicals Co. Basic Rescurces —TE—
3 Misr Fertiizers ‘Company Mopco Basic Resources Ems—
BT Misr National Steel - Ataga Basic Resources ] 16
11 Paint & Chesmicals Indhustries (PACH) Basic Resources — I
12 Sidi K.erir Petmochemicals (SKPC) Hasic Resources L E—
13 Al Ezz Ceramic & Porcelain (ECAP) Buiding Material 33333 T
14 Assbian Cement Co SAE (ARCC) ‘Busding Material o
15 Ceramic & Porcelain (PRCL) Buiding Material - 075 e
i6 Lecice Egypt (LCSW) ‘Building Material N 5 [ |
17 Mise Cement Co ESC (MCQE) Building Moterial 25 s
18 The Arab Ceramic Cermmica Remas Busiding Material — ——
19 Alexandria Spinning & e (5 i 2 eninecring IS T
20| Giza General Contracting Contracting & Censiruction snginccring IS 5 s
2 N Company for Civl Werks Contracting & Construction enginecring I
22 Orascom Construction Ltel (ORAS)DSCW) Contracting & Construction engineering IR 25 I T—
23 Alexandria Mincral Oils Company (AMOC) Encrgy & St E—

ATWA for Food Indusizies company Egypt Food , Beverages snd Tobacco IR 5 I
;s Al Khair River For Development Agriculnural Investment&Emi  Food . Beverages and Tobacco I | s

Cairo Poultry (POUL) Food, Beverages and Tobacco | INEMNGS 53 T—

27 Delta Sugar rm Eeverages and Tobacce  [INSSNSNNS 7 e
25 Eaxstem Tobacco (EAST) ood | Beverages and Tobacco IS s
£ Edita Food Industries § A £ }'Wd Beverages and Tobacco I U
20 | Ismaitia Mise Poultry (ISMA) Food , Beverages and Tobaceo NS 25 s
31 Jubayna Food Indusisies (JUFO) Food . Beverages and Tobacco ——
32 Maridive & oil services (MOIL) Food , Beverages and Tobacco NN 17 25 B
33 Obour Land For Food Indu sirics Food . Boverages and Tobacce NN s

Figure 16
total score sheet
source by author
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10.6- System design:

Financial Risk

SN I R ()

: Size of Ageof k¢
Industry & Business P& Business M| Business : Total

Risk Ind &Bus
Score

. Total
Management Risk Management

Score

Security Risk Secuiy ooierage Total
Relation

Score

. Account conduct Personal deposit Total
Relation Risk L Management

Score

Figure 17
System design
source by author
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10.6 - System Design

The system design organizes credit evaluation into a detailed
framework, breaking down risk into key categories, scored
annually and averaged for financial metrics.

Risk Categories:

1. Financial Risk:

- Evaluated using metrics like debt levels, profitability,
liquidity, and cash conversion cycles.

- Yearly data is averaged to provide a clear financial risk score,
enhancing Saha’s annual-only model.

2. Business/Industry Risk:

- Consider factors like company size, industry growth,
competition, and market entry barriers.

3. Management Risk:

- Focuses on leadership experience, succession planning, and
teamwork effectiveness.

4, Security Risk:

- Assesses the adequacy and quality of collateral.

5. Relationship Risk:

Examines the company’s interactions with the lender,

including account performance and rule compliance.

Total Score and Grade Conversion:

« All risk scores are combined into a Total Score, which is
converted into a Score Grade (e.g., GD, ACCPT).
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« This streamlined approach supports informed lending
decisions by offering a clear classification of a company’s risk
profile.

11- Finding
11.1- Transformation of a Credit Score Model into
Automated Expert Systems

Based on the details provided in the third chapter,
"Methodology," it's clear that the credit scoring model has been
updated to an automated expert systems. This updated system
uses a complex spreadsheet to carry out a thorough risk
assessment across various industries such as Basic Resources,
Food & Beverages, and Construction & Materials. Each
company is carefully evaluated on a scale in five main risk
categories: Financial, Industry, Management, Security, and
Relationship.

The system uses dynamic formulas set up in the top row of the
spreadsheet to automatically determine each company's risk
category based on its total risk score. These categories include
'MG/WL' for marginally acceptable, 'GD' for good, and 'ACCP'
for acceptable. This automated system provides a consistent and
unbiased way to assess and categorize company risks, helping to
make more informed decisions in credit scoring.
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) Compan) il Industry Scors |4

2 asic Resources D

1] Asek Company for Mining - Ascom Basic Resourees 6 i

4 Egypt Al (EGAL) Basic Resotees w0 ACCPT
5 Rapian Chemial Industis (Kima) Bisic Resoures T MGVL
6| ELSWEDY FLECTRIC Basic Resources s ACCPT
7 Eaz Steel Basic Resources 0] M
§  RafE Zayat Pesicides & Chemicals . Basic Resourees o MWL
9] M Fertlizers Production Company Mopeo Basic Resouress w GD
0 Mis Nationd tee - At Bisie Resourees T ACCPT
1 Pt e Chemicae Indusis (PACH]) Basic Resorces o ACCPT
i Sidh Rerr Perochennicals (SKPC) Busic Resourees i D
13 Al Ezz Cetamic & Porcelin (ECAP) Buding Matetil [ 7 ] MGWL
1 Asian Cement Co SAE (ARCC) Bulding Mteriel T MWL
15 Ceramic & Pareclin (PRCL) Bulding Materl u 5
16 Lecico Egypt (LCSW) Buiding Materl B MGWL
17 Misr Cement Co ESC (MCQE) Buiding Mater Cn MGVL
I The Atah Cerame Ceraniea Reas Buiding Materil [ ] ML
1 Alesandsia Spiaing & Weaving (SPIN) Contmcting & Construsion cncheern NS |07 ACCPT
0 (i Cener Conractng Conracing & Consmcion engmeer NN~ |6 MWL
1 Har Connpanyfo C5d Wirks Contacing & Construcion engincere [N~ 1 ACCPT
2 Osconm Coosuction L (CRASIDSCW)  Zoutractng & Consimcion engneer NS |~ 00 MGIVL
B Aksandia Vinerl Ofs Company (AMOC) By Sppet [ DO ab
B ATWA for Food Ihsiis ccmpany Egpt Food , Beverages md Tobecco | ] MGTWL
25 | Khair River For Development Agriculfural Investment&Eny  Food , Beverages and Tobacco -4 e MGWL
% Cairo Pnlry (POUL) Food Beveresand Toceo [ HNNONNE: © 17 ACCPT
7 Delta Sugar Food , Beverages and Tobaceo [ TR ACCPT

Figure 18
integration score sheet
source by author

11.2- Effectiveness and efficiency of the Automated Expert
Systems in Credit Analysis.

1. Timing: Time is an important factor for measuring efficiency.
The final results of the research were that time is divided into
two parts: first, the time taken to collect data, and second, the
time taken to analyze and reach a conclusion.

A- Time of data collecting: After entering the research
sample through Microsoft Form, Microsoft performs the
average entry time for each company in the sample and shows
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the time that the tool calculated is 108 Minutes and 21 second
per company.

I Credit core System - Saved £\ ‘
Questions ~ Responses @ B Preview ﬁ Style O Present ™
A
Credit Score System
73 Responses WOBIZ’] Average fime to complete Adive Status
_| Analyse and explore up-to-date results in Excel 0 i‘rff‘\(‘s:rc :e\fz'slem -
Figure 18

time of data collecting
source by author

B-Time of analysis: Once the data is entered into Excel by
transferring it from the collection file, the results and analyzes
appear in less than one second.

2. Accuracy: Because it is difficult for a bank to give you an
evaluation method or customer data by confidentiality and
privacy policy, and because we wanted to compare the
system’s outputs with the bank’s system outputs, but the
researcher compared the results of the system with the results
of the initial manual that he applied to some companies to
consider the possibility of application, which is what was
mentioned in The third chapter is in the testing part, where the
results showed complete matching between the manual system
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and the expert systems at a rate exceeding 99%. The following
figures will show the extent of matching and accuracy.

A B C ] E F G H
1 company name I company sector - Business/Industry stul Management scml Security storI Relationship sorfg T
71 radzn Pharmaceutical Industries&Diagn  Pharmaceutical 36.5 16 i} 10 10 -
72| Cleopatra Hospitel Company Pharmaceutical a7 1 10 10 10 -
n (ePico) Pharmaceutica 85 B n 10 0 s
L] Ibnsina Pharma Pharmaceutical 0.5 1 10 1 10 -
8
85
Figure 19
manual pharmaceutical credit score
source by author
a7 vii f; =SUBTOTAL{101,A2:476)

3 madan Phamaceutica IndustriesGDiagnostic-Rameda  Phamaceutical
I Cleopatra Hospital Company Phamaceutical
B [onsina Pharma Pharmaceutical
39 yptian Intemational Pharmaceuticals [EIPICC) Phamaceutical

Figure 20
pharmaceutical credit score expert systems
source by author
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4. Reducing the rate of errors in the data entry process: The data
entry process is considered one of the most important processes in
credit analysis because on this basis the analysis is done and the
result is given. The larger the size of the data entered, the greater
the probability of entry error, but through the Microsoft Form tool,
it reduces the size of errors that can occur. In the entry process,
this 1s done by separating all the required data into a question for
each one separately, and flexibility in the process if the question is
closed or an open question.

31. Size of Business (Sales Growth)* [T FinancialInformation

3. Total Current Assets 2019 ° [T,

4 Total Current Liabilities 2019 * 1

5. Total Current Assets 2020 * [

6. Total Current Liabilities 2020 '

Figure 22 Figure 21

example of open questions example of closed questions source by

author source by author

5. Adaptability: The study emphasizes the importance of having
a system that is flexible and adaptable. It should allow for
changes and adjustments while keeping the data inputs and
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results consistent financial institutions should consider using
systems that have this type of flexibility so that they can easily
adapt to new regulations or propose new proposals for
regulators to evaluate and validate within their testing
environment in advance. or changes in evaluation criteria over
time, by detailing the equations and creating a rule for each
equation, a rule can be applied for each industrial sector, for
example, or an equation, which allows flexibility in the
creditworthiness analysis process.

6. The possibility of classifying data and results into more
than one classification: Through the process of dividing the
data and results, the data and results can be classified to
provide information that helps us support the decision. After
the entry process, the data can be classified, for example, in
terms of sales volume, capital size, and other data, as well as
the results. Companies can also be classified in terms of
sectors as well as in terms of points.
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In addition to the above, the results can be classified according
to multiple classifications. For example, the results can be
classified according to the sector and then compare the
companies within this sector in terms of total score. This
represents a very important point and is the ease of comparison to
support the decision.

12- Observation:

12.1- database: From an analysis perspective, the larger the
sample of companies, the easier the results will be in the
comparison process, and the more the system will provide results
that increase the opportunity to support the decision

12.2- data analysis and data mining: Based on the above, by
increasing the database as well as increasing the requirements,
the more it contributes to the process of classifying the results
and finding new relationships between the variables, which helps
in the process of comparison and analysis to reach sound
decisions. For example, the figure (23) shows that after analyzing
the data, the system classified the results according to the sector.
A comparison was made to the average of each sector separately
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b Sector .- Average of Total Score

Energy & Support 89
: Education Services 84
b Trade & Distribution 82
b It, Media & Communication 80.89583333
i Services 78.75
B Shipping & Transportation services 78.58333333
b Basic Resources 77.70265152
o Contracting & Construction engineering 77.15625
1 Real Estate 75.88942308
2 Pharmaceutical 75.59375
3 Food, Beverages and Tobacco 74.92613636
2 Travel & Leisure 74.03125
5 Textile & Durables 73.75
s Industrial goods & Service automobile 73.125
7 Utilities 68.625
8 Building Material 67.95138889
9 Paper & packaging

0 Grand Total
i

Figure 27
Data Analyz sectors average
source by author
The analysis also allows for application to data and not just the
results. For example, the figure 27 shows the average cash
conversion cycle for each sector separately, with an average of

four years.
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This is not only limited to industry averages, but the position of
companies within each industrial sector can be analyzed and
compared

For 'Sector: Food , Beverages and

Tobacco', 'Category': GD appears most

NUMBER OF COMPANY

Figure 29
grades of Food , Beverages and Tobacco ‘sector
source by author

13- Findings and Results:
13.1- Transformation of Credit Score Model into an
Automated Expert Systems

Turning the credit scoring model into an automated expert
systems has significantly improved the accuracy, efficiency, and
reliability of risk assessment. As noted by (Tangsawasdirat
2021), who developed credit scoring models for small and
medium-sized enterprises (SMEs) using both financial and non-
financial data, our system wuses dynamic formulas to
automatically assign risk categories (MG/WL, GD, ACCP) based
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on a company’s overall risk score. This ensures more consistent
and unbiased risk classification, providing decision-makers with
clearer insights into a company’s creditworthiness.

Similarly, (Odejide et al. 2024) highlighted how Al enhances
decision-making and risk assessment. Our system aligns with this
trend, demonstrating that automation can outperform traditional
methods in risk management.

13.2- Effectiveness and Efficiency of the Automated Expert
Systems

A comparison between the manual and automated systems
shows a 99% match in accuracy, reinforcing the reliability of Al
and machine learning in financial settings. This is consistent with
(Myachin, et. al., 2021), who studied fuzzy expert systems for
financial security assessments. Additionally, our system's ability
to classify companies in real-time aligns with the research by
(Cavusoglu, et. al., 2023), who found that Neuro-Fuzzy models
successfully classify creditworthiness by combining human
expertise with institutional policies.

13.3- Error Reduction in Data Entry

Using Microsoft Forms for data entry minimizes human error
by simplifying the process. This reflects (Teles, 2020) findings
that decision support systems, through machine learning, enhance
credit risk evaluation accuracy by reducing manual input errors.
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13.4- Adaptability and Classification Capabilities

Our system is adaptable to various industries and sectors,
echoing the work of (Achou 2008), who emphasized the
importance of risk models being flexible and valid across
different institutions. By applying custom rules based on specific
industry risks, the system remains responsive to changing market
conditions. This adaptability supports (Frederiksust’s ,2001)
findings that variables like liquidity, profitability, and solvency
are vital in predicting corporate failure.

The system’s ability to compare companies within their sectors
based on average credit scores and other factors is in line with
(Sayqili et al. 2019), who demonstrated that both financial and
non-financial factors, such as liquidity ratios and firm age, play
an important role in determining the creditworthiness of SMEs.
Our system provides sector-specific analyses and detailed
company classifications, reflecting this approach.

14- Recommendations

14.1- Implementation of Automated Expert Systems: Given
the effectiveness and efficiency demonstrated by the automated
expert systems in credit analysis, it is recommended that
financial institutions consider adopting similar systems to
enhance the accuracy and speed of their credit scoring processes.

14.2- Emphasize Data Collection Efficiency: To streamline the
data collection process, utilizing tools like Microsoft Form can
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significantly reduce the time and potential errors associated with
manual data entry. Encouraging the use of such tools can
improve efficiency and data accuracy in credit analysis
procedures.

14.3- When comparing the results of the automated expert
systems with manual evaluations, it's essential to keep customer
data confidential and private. Institutions need to handle any data
used for these comparisons very carefully, making sure they
follow all the necessary rules and regulations to protect privacy.

14.4- The study emphasizes the importance of having a system
that is flexible and adaptable. It should allow for changes and
adjustments while keeping the data inputs and results consistent.
Financial institutions should think about using systems that have
this kind of flexibility, so they can easily adapt to new regulations
or changes in evaluation criteria over time.

14.5- Enhanced Decision Support: Leveraging the capability
of the system to classify data and results into multiple categories
can provide valuable insights to support decision-making
processes. Institutions should explore ways to utilize these
classification features to gain deeper insights into customer
profiles, sector performance, and overall risk assessment.
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15- Conclusion

The transformation of a credit score model into an automated
expert systems presents significant advancements in the field of
credit analysis. The findings of this study underscore the
effectiveness and efficiency of such systems in streamlining the
credit evaluation process, reducing errors, and enhancing
decision-making capabilities. The demonstrated accuracy,
flexibility, and data classification features of the system provide
valuable insights for financial institutions seeking to optimize
their credit scoring procedures. By embracing automated expert
systems, institutions can not only improve the speed and
accuracy of credit analysis but also adapt more effectively to
changing regulatory environments and customer needs. Overall,
this study highlights the potential of automated expert systems to
revolutionize credit analysis practices and pave the way for more
informed lending decisions in the future.

16- Limitation and Future studies
16.1- Research limitations

A major limitation is the geographical scope, as the study was
conducted exclusively in Egypt, focusing on companies listed on
the Egyptian Stock Exchange (EGX 100). This means that the
findings are shaped by the economic and regulatory environment
in Egypt, which may limit their applicability to other markets
with different financial systems. Additionally, the sample size
included 71 companies from the non-financial, providing a
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diverse representation of industries but excluding financial
institutions, which play a critical role in assessing credit risk.
This omission limits insights into how credit risk factors operate
in the financial sector.

The study’s time frame (2019-2022) is another limitation, as it
may not fully capture long-term economic cycles or structural
shifts in credit risk dynamics beyond this period. Furthermore,
the research focused on five primary credit risk factors —
financial, industry, governance, security, and relationship risks —
while macroeconomic conditions, geopolitical risks, or
technological disruptions were not explicitly analyzed. Finally,
while the model aims to be generalizable to non-financial sectors,
it may not fully consider sector-specific differences in business
cycles, regulatory policies, or competitive pressures, which may
impact its applicability across different industries.

16.2- Future Studies

Based on these limitations, future research could explore
several key areas. One potential direction is to evaluate the
performance of automated expert systems across different types
of firms, such as small and medium-sized enterprises, to assess
their effectiveness in diverse industries and identify sector-
specific challenges or benefits. Additionally, improving the credit
risk model by incorporating new factors or alternative credit
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analysis models could enhance the accuracy and efficiency of
credit assessments.

Further studies could also examine the role of automated
expert systems in other financial areas, including investment
portfolio analysis and financial forecasting, to assess their
broader impact on financial decision-making. Finally, an
important avenue for research is to analyze the impact of
automation on jobs in the financial sector, particularly the skills
required for future professionals as financial institutions move
toward Al-driven systems.

By addressing these limitations and expanding research into
these future areas, scholars and practitioners can continue to
develop expert credit scoring systems, ensuring greater
adaptability, accuracy, and efficiency in financial risk assessment.

Yeve - JsY)asdl e Gl alaall
Yoy



Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

17- References

Table 1

Abu, Kai, Kamara. (2024). 1. The study of credit risk in the banking sector
and its effect on financial performance case study of the zenith bank sierra
leone. European Journal of Economic and Financial Research,8-(10), doi:
10.46827/ejefr.v8i4.1732

Adamaria, Perrotta., Andrea, Monaco., Georgios, Bliatsios. (2023). Data
Analytics for Credit Risk Models in Retail Banking: a new era for the
banking system. Risk management magazine, 18. (36-53), doi:
10.47473/2020rmm0132

Alua, Myrzakerimova, K.K., Askar., I., Khlevna. (2024). 2. Automated
systems for diagnosing diseases: a review of existing tools. International
journal of information and communication technologies,14. -(1),doi:
10.54309/ijict.2024.18.2.009

Anurag, Shrivastava. (2024). Atrtificial Intelligence (Al): Evolution,
Methodologies, and Applications. International Journal for Science
Technology And Engineering, X (11):1355-1362 doi:
10.22214/ijraset.2024.61241.

Bank, B. (2005). Risk Grading Manual (BRPD Circular No. 18). Banking
Regulation and Policy Department, Bangladesh Bank.
https://www.bb.org.bd/mediaroom/circulars/brpd/dec1105brpd18enl.pdf

Belfguira, R., (2023). Quantitative correlational analysis of artificial
intelligence integration into the banking industry’s customer relationship
management system. The University of Phoenix, ProQuest Dissertations
Publishing. 30814680, https://www.proquest.com/dissertations-
theses/quantitative-correlational-analysis-artificial/docview/2906980895/se-
2

Yeve - JsY)asdl e Gl alaall
Yo)A




Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

Bharti, S., Harave, V. R., & Latha. (2020). An overview on structure
characteristics and development of an expert system. International Journal
of Computer Science Trends and Technology (IJCST), 8(2).

Bohdan, Kyshakevych., Ivan, Klymkovych. (2018). Estimation of z-score
for ukrainian banking system. Scientific Journal of Polonia
University, 30(5):43-51

doi: 10.23856/3003

Bussmann, N., Giudici, P., Marinelli, D., & Papenbrock, J. (2021).
Explainable Machine Learning in Credit Risk Management. Computational
Economics, 57(1), 203-216. https://doi.org/10.1007/s10614-020-10042-0

CareEdge Ratings. (2024, January 30). Sovereign rating methodology for
public consultation. CareEdge. Retrieved from https://www.careedge.in/

Carta, S. M., Consoli, S., Piras, L., Podda, A. S., & Recupero, D. R. (2021).
Explainable machine learning exploiting news and domain-specific lexicon
for stock market forecasting. IEEE Access, 9, 30193-30205.
https://doi.org/10.1109/ACCESS.2021.3058770

D., Alex, Quistberg., Stephen, J., Mooney., Tolga, Tasdizen., Pablo,
Arbeléez., Dolores, Acevedo- Garcia. (2024). Deep Learning - Methods to
Amplify Epidemiological Data Collection and Analyses. American Journal
of Epidemiology, 16:kwae215, doi: 10.1093/aje/kwae215

Florian, Penz., Sabine, Frerichs. (2024). Property, credit, and monetary
sabotage: Contemporary capitalism in institutionalist perspective. European
Journal of Social Theory, 27(4), 622-644, doi:
10.1177/13684310241269286

Yeve - JsY)asdl e Gl alaall
Yoy q



https://doi.org/10.1109/ACCESS.2021.3058770
https://doi.org/10.1109/ACCESS.2021.3058770
https://doi.org/10.1109/ACCESS.2021.3058770
https://doi.org/10.1109/ACCESS.2021.3058770

Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

J.B., Heaton. (2020). The Altman Z Score Does Not Predict Bankruptcy.
Social Science Research Network, 33(3), doi: 10.2139/SSRN.3570149

Jeyaraj, S. S., & Shamsudeen lbrahim, S. A. (2021). Financial and non-
financial risk management in banking sector — An overview. International
Journal of Business and Management Invention, 10(1), 01-09.
https://doi.org/10.35629/8028-1001010109

Jia, Shen., J.M, Chen. (2024). Application of KMV Model in Credit Risk
Management in Banking Industry. Journal of Theory and Practice of
Management Science, 4(05):1-12. doi: 10.53469/jtpms.2024.04(05).01

Kamara, A. K. (2024). The study of credit risk in the banking sector and its
effect on financial performance case study of the zenith bank sierra
leone. European Journal of Economic and Financial Research, 8(4).
https://doi.org/10.46827/ejefr.v8i4.1732

Kabir, G., Jahan, I., Chisty, M. H., & Hasin, M. A. A. (2010). Credit Risk
Assessment and Evaluation System for Industrial Project. International
Journal of Trade, Economics, and Finance, 1(4), 331-34lI.
https://doi.org/10.7763/IJTEF.2010.V1.59

Kovousoglou, G. (2022). A neuro-fuzzy approach for classifier selection in
credit scoring (master’s thesis). University of the Aegean, Greece.
https://hellanicus.lib.aegean.gr/bitstream/handle/11610/25869/KOVOUSOG
LOU%20GEORGI0S%20-%20Thesis%20.pdf?sequence=1

Kumar, A., Reddy, K. S., Poojitha, K., Swain, N. K., Yugandhar, M., &

Yeve - JsY)asdl e Gl alaall
YOoY.



https://doi.org/10.35629/8028-1001010109
https://doi.org/10.35629/8028-1001010109
https://doi.org/10.35629/8028-1001010109
https://doi.org/10.35629/8028-1001010109
https://doi.org/10.7763/IJTEF.2010.V1.59
https://doi.org/10.7763/IJTEF.2010.V1.59
https://doi.org/10.7763/IJTEF.2010.V1.59
https://doi.org/10.7763/IJTEF.2010.V1.59
https://hellanicus.lib.aegean.gr/bitstream/handle/11610/25869/KOVOUSOGLOU%20GEORGIOS%20-%20Thesis%20.pdf?sequence=1
https://hellanicus.lib.aegean.gr/bitstream/handle/11610/25869/KOVOUSOGLOU%20GEORGIOS%20-%20Thesis%20.pdf?sequence=1
https://hellanicus.lib.aegean.gr/bitstream/handle/11610/25869/KOVOUSOGLOU%20GEORGIOS%20-%20Thesis%20.pdf?sequence=1
https://hellanicus.lib.aegean.gr/bitstream/handle/11610/25869/KOVOUSOGLOU%20GEORGIOS%20-%20Thesis%20.pdf?sequence=1

Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

Shekar, G. V. C. (2024). Streamlined Bank Loan Approvals Using Deep
Learning. 1-6. https://doi.org/10.1109/wconf61366.2024.10692066

Kuang, X., Ma, C., & Ren, Y.-S. (2024). Credit risk: A new privacy-
preserving decentralized credit assessment model. Finance Research
Letters, 67, Part B 105937. https://doi.org/10.1016/j.frl.2024.105937

Li, Y.-X., Zhang, W., & Chen, H. (2023). Commercial credit financing and
corporate risk-taking: Inhibiting or facilitative? Sustainability, 16(16), 6813.
https://doi.org/10.3390/su16166813

Lopukh, O. (2019). M. Bunge and the development of credit relations: The
Kyiv Mutual Credit Association and its impact on credit operations in the
Russian Empire. Journal of Economic History and Theory, 48(2), 123-145.

Luc, Rubinger., Aaron, Gazendam., Seper, Ekhtiari., Mohit, Bhandari.
(2022). Machine learning and artificial intelligence in research and
healthcare. Injury-international Journal of The Care of The Injured, 2023
May;54 Suppl 3:569-S73. doi: 10.1016/j.injury.2022.01.046.

Mahdavifar, S., & Ghorbani, A. A. (2020). DeNNeS: Deep embedded
neural network expert system for detecting cyber attacks. Neural Computing
and Applications, 32, 14753-14780. https://doi.org/10.1007/s00521-020-
04830-w

Manish, Jashubhai, Shah. (2022). Application of ALTMAN Z Score On
Five Selected Industries. 09(01):05-12. doi: 10.34047/mmr.2020.9101

Massimo, Bertolini., Davide, Mezzogori., Mattia, Neroni., Francesco,
Zammori. (2021). 4. Machine Learning for industrial applications: A
comprehensive literature review. Expert Systems with Applications,
175,2021,114820, doi: 10.1016/J.ESWA.2021.114820

Yeve - JsY)asdl e Gl alaall
Yoy



https://doi.org/10.1016/j.frl.2024.105937
https://doi.org/10.1016/j.frl.2024.105937
https://doi.org/10.1016/j.frl.2024.105937
https://doi.org/10.3390/su16166813
https://doi.org/10.3390/su16166813
https://doi.org/10.3390/su16166813
https://doi.org/10.1007/s00521-020-04830-w
https://doi.org/10.1007/s00521-020-04830-w
https://doi.org/10.1007/s00521-020-04830-w
https://doi.org/10.1007/s00521-020-04830-w

Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

Michel, van, der, Wel. (2022). Modelling Sovereign Credit Ratings:
Evaluating the Accuracy and Driving Factors using Machine Learning
Techniques. Computational Economics, 61(1):1-31, doi: 10.1007/s10614-
022-10245-7

Mohammed, M., & Musa, A. I. (2025). Automated credit card risk
assessment using fuzzy parameterized neutrosophic hypersoft expert set.
International Journal of Neutrosophic Science, 5(1), Article 8.
https://doi.org/10.54216/ijns.250108

Mohamed, W. M. (2017). Toward a comprehensive model to measure
banks’ performance: RESCO model and stability scorecard. IOSR Journal
of Economics and Finance, 6(1), 01-19.

Mohammed, Mohammed., Abdalla, 1., Abdalla, Musa. (2025). Automated
Credit Card Risk Assessment using Fuzzy Parameterized Neutrosophic
Hypersoft Expert Set. International Journal of Neutrosophic Science,
25(1):93-103. doi: 10.54216/ijns.250108.

Moody's. (2022). Rating symbols and definitions. Retrieved Feb 28, 2024,
from
https://www.moodys.com/sites/products/AboutMoodysRatingsAttachments/
MoodysRatingSymbolsandDefinitions.pdf

Mukhanova, A., Baitemirov, M., Amirov, A., Tassuov, B., Cakhatova, V.,
Kaipova, A., Makhazhanova, U., & Ospanova, T. (2024). Forecasting
creditworthiness in credit scoring using machine learning methods.
International Journal of Power Electronics and Drive Systems, 14(5), 5534—
5542. https://doi.org/10.11591/ijece.v14i5.pp5534-5542

Musaed, S., AlAli. (2019). 1. Examining the Effect of Altman’s Zeta Model
Score on the Share Price of Healthcare Companies Listed at Kuwait Stock
Exchange. International journal of economics and finance, 11(4):25-25, doi:
10.5539/1JEF.V11N4P25

Yeve - JsY)asdl e Gl alaall
Yovy



https://www.moodys.com/sites/products/AboutMoodysRatingsAttachments/MoodysRatingSymbolsandDefinitions.pdf
https://www.moodys.com/sites/products/AboutMoodysRatingsAttachments/MoodysRatingSymbolsandDefinitions.pdf
https://www.moodys.com/sites/products/AboutMoodysRatingsAttachments/MoodysRatingSymbolsandDefinitions.pdf
https://www.moodys.com/sites/products/AboutMoodysRatingsAttachments/MoodysRatingSymbolsandDefinitions.pdf

Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

Myachin, V., Yudina, O., & Myroshnychenko, O. (2023). Fuzzy-logical
expert system for assessing the financial security of enterprises. Baltic
Journal of Economic Studies. 7(4):123-135.

Nosheen, Khan., Muhammad, Ramzan., T., Kousar., Muhammad, Aqib,
Shafig. (2023). Impact of Bank Specific Factors on Credit Risk: Evidence
from Islamic and Conventional Banks of Pakistan. Pakistan journal of
humanities and social sciences, 11(1):580-592. doi:
10.52131/pjhss.2023.1101.0375

Odejide, O. A., & Edunjobi, T. E. (2024). Al in project management:
Exploring theoretical models for decision-making and risk management.
Engineering Science & Technology Journal, 5(3), 1072-1085.
https://fepbl.com/index.php/estj/article/view/959

Overes, B. H. L., & van der Wel, M. (2023). Modelling sovereign credit
ratings: Evaluating the accuracy and driving factors using machine learning
techniques. Computational Economics, 61(3), 1273-1303.
https://doi.org/10.1007/s10614-022-10245-7

Pragyna, Karmakar., Satarupa, Sinha., Debrupa, Pal. (2024). Artificial
Intelligence. International Journal of Advanced Research in Science,
Communication and Technology,4(2), doi: 10.48175/ijarsct-19613

Qingyuan, Zhang. (2022). Research on Bank Financial Risk Control
Mechanism Based on KMV Model. Frontiers in business, economics and
management, 6(3):241-244, doi: 10.54097/fbem.v6i3.3628

Ramya, M., Vijaya. (2024). Sovereign Credit Rating: Impact on Social
Investment and Role in Financial Subordination. Review of Radical Political
Economics,1—(21), doi: 10.1177/04866134241270675

R Bernardes, R. (2024), Machine learning - Basic principles. Acta
Ophthalmol, 102:. https://doi.org/10.1111/a0s.16281

Yeve - JsY)asdl e Gl alaall
Yovy



https://fepbl.com/index.php/estj/article/view/959
https://fepbl.com/index.php/estj/article/view/959
https://fepbl.com/index.php/estj/article/view/959
https://fepbl.com/index.php/estj/article/view/959
https://doi.org/10.1111/aos.16281

Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

Sevda, Salmanova, Sevda, Salmanova. (2024). The role of expert systems
within artificial intelligence. Proceedings of Azerbaijan High Technical
Educational Institution,42(05) 335-342 doi: 10.36962/pahtei42072024-36

Shailesh, Nandlal, Pandey. (2024). Credit Rating by CRISIL. Indian
Scientific Journal Of Research In Engineering And Management, 08(06), 1—
5. https://doi.org/10.55041/ijsrem35642

Sichen, Lin. (2024). A Research on the Causes of Credit Risk of Urban
Construction Investment Bond in China. Finance & economics, 1(8) doi:
10.61173/jyomzq74

Soui, M., Gasmi, I., Smiti, S., & Ghédira, K. (2019). Rule-based credit risk
assessment model using multi-objective evolutionary algorithms. Expert
Systems with Applications. 126, (144-157).

Srdan, Jelinek., Pavle, MiloSevi¢., Aleksandar, Rakicevi¢., Ana, Poledica.,
Bratislav, Petrovi¢. (2022). A Novel IBA-DE Hybrid Approach for
Modeling Sovereign Credit Ratings. Mathematics, , 10, 2679.
https://doi.org/10.3390/

Sreekanth, K., Mamidi, R., Reddy, T. S., Maddileti, K., & Deepthi, D.
(2024). Prevention of credit card fraud transaction using GA feature
selection for web-based application. Indonesian Journal of Electrical
Engineering and Computer Science, 35(3), 1645-1652.
https://doi.org/10.11591/ijeecs.v35.i3.pp1645-1652

Stephen, Jose, Hanson., Vivek, Yadav., Catherine, Hanson. (2024). Dense
Sample Deep Learning.Neural Computation, 36 (6): 1228-1244. doi:
10.1162/neco_a_01666

Svatopluk, Kapounek., Jan, Hanousek., FrantiSek, Bily. (2022). Predictive
Ability of Altman Z-score of European Private Companies. Politicka
Ekonomie, (70), 3 doi: 10.18267/j.polek.1353

Yeve - JsY)asdl e Gl alaall
Yoyt




Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

Syadali, M. R., Segaf, & Parmujianto. (2023). Risk management strategy for
the problem of borrowing money for Islamic commercial banks.
Enrichment: Journal of Management, 13(2), 1227-1236. Institute of
Computer Science. Retrieved from
http://www.enrichment.iocspublisher.org.

Talukdar, J., Singh, T. P., & Barman, B. (2023). Artificial intelligence in
healthcare industry. Springer Nature Singapore. ISBN 978-981-99-3157-6,
https://doi.org/10.1007/978-981-99-3157-6/

Tangsawasdirat, B., Tanpoonkiat, S., & Tangsatchanan, B. (2021). Credit
Risk Database: Credit scoring models for Thai SMEs. PIER Discussion
Paper No. 168. Puey Ungphakorn Institute for Economic Research.
https://www.pier.or.th/en/dp/168/

Tatjana, Dolinsek., Tatjana, Kovac. (2024). Application of the Altman
Model for the Prediction of Financial Distress in the Case of Slovenian
Companies. Organizacija, vol. 57, no. 2, Sciendo, 2024, pp. 115-126.
https://doi.org/10.2478/orga-2024-0008.

Tian, M., Li, H., Huang, J., Liang, J., Bu, W., & Chen, B. (2022). Credit risk
models using rule-based methods and machine-learning algorithms. CSAI
'22: Proceedings of the 2022 6th International Conference on Computer
Science and  Atrtificial Intelligence,  Pages 203 - 209
https://doi.org/10.1145/3577530.3577588

Tsintsadze, A., Glonti, V., Oniani, L., & Ghoghoberidze, T. (2019).
Empirical analysis of financial and non-financial risks of the commercial
bank. European Journal of Sustainable Development, 8(2), 101-110.
https://doi.org/10.14207/ejsd.2019.v8n2p101

Yeve - JsY)asdl e Gl alaall
YoYo



http://www.enrichment.iocspublisher.org/
http://www.enrichment.iocspublisher.org/
http://www.enrichment.iocspublisher.org/
http://www.enrichment.iocspublisher.org/
http://www.enrichment.iocspublisher.org/
https://www.pier.or.th/en/dp/168/
https://www.pier.or.th/en/dp/168/
https://www.pier.or.th/en/dp/168/
https://www.pier.or.th/en/dp/168/

Using Expert System in Credit Scoring Analysis Applied Study on Egyptian ....
Mohamed Naser Abdel-Atty Hammed

U.S. Securities and Exchange Commission. (n.d.). Current NRSROs.
Retrieved May,20, 2024, from https://www.sec.gov/about/divisions-
offices/office-credit-ratings/current-nrsros

Suryana, Muhamad & Kasyfi, Fauziah & Titi, Ratih. (2020).
Implementation of Expert System Using Certainty Factor Method for Early
Diagnosis of Corona Virus Disease (COVID-19). Budidarma Informatics
Media Journal. 4. 559. 10.30865/mib.v4i3.2132.

Wei, L., Lin, J.-R., & Cen, W. (2024). Stronger relationships higher risk?
Credit risk evaluation based on SMEs network microstructure. Emerging
Markets Review, 62, 101189. https://doi.org/10.1016/j.ememar.2024.101189

Yang, Liu., Qiquan, Fang. (2023). 3. Credit Risk Research on Chinese Real
Estate Enterprises Based on Modified KMV Model. International Journal
of Current Science Research and Review, (6), 9 doi: 10.47191/ijcsrr/v6-i9-
13

Zavos, P. A. (2023). The integration of environmental risks into the credit
risk management profile of European banks. University of Piraeus (Greece),
ProQuest Dissertations Publishing.
https://dione.lib.unipi.gr/xmlui/bitstream/handle/unipi/15247/%CE%96%CE
%91%CE%92%CE%9F%CE%A3_MXRH2104.pdf?sequence=3

Zhao, B. (2023). Essays on ESG risk and bank lending. University of Bath
,School of Management,
https://purehost.bath.ac.uk/ws/portalfiles/portal/269725333/Thesis_Binru.pd
f

Yeve - JsY)asdl e Gl alaall
Yov<



https://doi.org/10.1016/j.ememar.2024.101189
https://doi.org/10.1016/j.ememar.2024.101189
https://doi.org/10.1016/j.ememar.2024.101189

