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Abstract

This paper presents an effective real-time credit monitoring and scoring system using Al. As the
financial industry embraces Al, most user credit monitoring systems require a major time
investment. This paper designed the cluster structure and temporal analysis to allow for real-
time and fine granularity scoring and monitoring while also addressing user bewilderment in
behavioral learning. The proposed architecture is widely adjustable. Financial institutions can
adjust the degree of Al sophistication and tailor monitoring needs, such as benefit/harm
control. The comprehensive system is validated in multiple aspects, including a 97.91% accuracy
and low deviation in a case study.

Credit risk scoring plays a crucial role in the credit lifecycle. Consumers need to understand
how banks assess their creditworthiness and what factors to focus on. Similarly, financial
institutions need to review the factors used by rating companies for stock ratings. Currently,
most banks may only provide users with one static score. However, previous studies have shown
that users would be better off if they could access disclosures similar to those provided by
rating companies to investors regarding firm performance. While there are some commercial
services that provide consumer monitoring capabilities, this usually requires a major time
investment on the user’s behalf. A user spends substantial amounts of time every month looking
at their score and piecing together a list of do’s and don’ts. They do not quite understand how
the changes in their score implicate their creditworthiness and how the lender evaluates them.
They find it more beneficial to understand behavioral learning rather than just getting a score.
The situation is similar for very small enterprises that have just had formal credit. They do not
know enough about this new service and find it bewildering. This work involves a comprehensive
credit monitoring, scoring, and explanation system powered by Al.

Keywords: Real-time, credit, monitoring, scoring, system, powered, artificial intelligence,
machine learning, black-box, explainable, contrastive, expected credit, loss, consumer credit,
scoring.

1. Introduction

For many years, developments in credit scoring systems have focused on the advent of
sophisticated statistical techniques for scorecard building. These techniques centred on new
methods designed to improve the performance of scorecards developed using logistic regression.
Recently, a new trend has begun to emerge in credit scoring: the continuous monitoring of
consumer credit behaviours after the origination of credit. Traditionally, once loan default risk was
evaluated based on a set of information collected at a particular time, the risk/evaluation would
not be revisited again. This is no longer the case because a large volume of consumer transactions
is now being recorded in an online database. Surprisingly, it is only in the recent past that it has
been proposed that continuous updates of an individual’s credit behaviours be integrated into
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existing credit scoring models. This state-of-the-art system of scorecard augmentation is referred
to as real-time credit monitoring and scoring (RTCMS) systems.

The introduction of real-time credit monitoring and scoring (RTCMS) systems is very timely given
the recent trends in mortgage defaults in the US. As pointed out, RTCMS systems may greatly
assist in mitigating the default risk of credit loans. A RTCMS system continuously monitors a set
of consumer credit attributes and re-evaluates their risk levels with respect to consumer different
types of credit loans. The existing RTCMS systems are built upon interpolation-based credit
scoring systems where numerous technical difficulties arise. To the best of knowledge, this is the
first time a RTCMS system is proposed and implemented based on a prior iterative model. It is
thus novel in all aspects including the RTCMS algorithm and its integration with the prior iterative
model.
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Fig 1: Al Credit Scoring
1.1. Background and Significance

Credit scoring is one of the most successful applications in banking and finance, which has
been used by all credit granting agencies to classify applicants into creditworthy and non-
creditworthy groups. Currently, credit scoring development is dominated by logistic
regression or linear probability models, even though conceptual and mathematical alternatives
have been proposed. The main feature of the current development and implementation in
practice is the general predominance of statistical models, based on rigorous mathematical
principles. Decision trees and other classifiers such as neural networks, which have received
substantial attention in the last number of years, are still only used in exploratory studies or as
supplementary tools. The immense growth on the consumer side in recent years has resulted
in the fundraising size of the credit industry becoming even bigger, and consequently, much
competition has developed among credit institutions.

Equ 1: Reinforcement Learning Update (Credit Line Adjustment)
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Where:

. (;’ = quality function mapping state-action pairs
*  &¢ = credit status at time ¢

s a; - action {0.q. increase/decrpase imir)

*  Tal = reward (e, repayment)

7y~ leacning rate and discount factor
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2. Benefits of Al-Powered Credit Monitoring

The credit risk model is of great relevance for credit assessment industries. It is important both for
lenders and for borrowers. Lenders want to ensure the repayment of loans that payers offered to
borrowers at the lowest possible rates. Borrowers, on the other hand, want to provide information
about their loan repayment capacity to access credit. Credit scoring is a brilliant offer that
automatically assesses the risk and compliance of applying for a loan from the lender and borrower
perspectives, respectively.

Credit scorecards are a fantastic opportunity for lenders to make the right decision about loan
approval. However, the entire scoring process, i.e., credit scorecard generation, credit score
generation, and scorecard monitoring, is a time-consuming task that makes the lenders and
borrowers wait too long. During this period, the world of finance is highly volatile, and there are
opportunities that lenders miss due to extra waiting time and losses due to some unexpected events.
Thus, only scorecard monitoring has been a field of interest for real-world credit scorecard
assessment industries.

The advent of artificial intelligence (Al) and machine learning (ML) in the past decade has
enhanced the accuracy and explainability of human reasoning and critical tasks like credit risk
assessment. Despite this great Al boom, credit scorecards are still trained using traditional
statistical techniques such as logistic regressions and are interpreted using excellent and well-
calibrated performance metrics such as Gini index and Kolmogorov-Smirnov. Fortunately, the
scope of credit risk applied to Al has now expanded. Interpretability in Al is a critical area of
research and has cross-cutting societal relevance.

Benefits of Al Credit Scoring

Cus2omar Exparienc

Flg 2: Benefits of Al Credit Scorlng
2.1. Enhanced Accuracy

One of the most important problems for financial institutions is sound credit policy. Credit scoring

is the use of statistical methods and/or Al techniques to assess the likelihood that a loan applicant
will go into default. Financial institutions use scorecards to assist them in deciding whether or not
to grant a loan to an applicant. While lenders will usually consider many factors in addition to
credit score, the development of credit scoring has helped ensure that individuals applying for a
loan or house purchase will not be turned down simply because they are old or unemployed.
Scorecards can be developed based on historical data to predict the probability of a loan applicant
defaulting and/or the expected repayment amount.

Historically, the use of statistical techniques such as logistic regression and discriminant analysis
have been the most common approach to credit scoring. However, such methods generally assume
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that the data conforms to rigid theoretical model specifications. Thus, if the theoretical model does
not hold, the methods could fail. Furthermore, statistical methods exclude data as outliers but Al
techniques have been shown to outperform traditional techniques on other complex classification
and regression tasks. The adoption of a powerful and flexible model such as an Al technique that
is less reliant on theoretical assumptions could improve performance. More firms are also using
scoring systems for real-time risk monitoring, which further warrants the need for real-time scoring
that can keep pace with the exponential growth in credit transactions.

2.2. Faster Decision Making

For almost all financial institutions today, credit assessment activities account for 30% to 70% of
credit risk assessment experts’ workload. Such procedures are manual and require at least a few
days to complete the process. Automating a part of the risk assessment process will allow credit
risk experts to reduce their workload and, therefore, be able to focus more on more important tasks,
such as loan servicing and risk management tasks. The amount of proprietary internal data,
combined with the recent developments in Artificial Intelligence (Al), are now offering new
opportunities of automating certain parts of the credit analysis process with the involvement of Al
recommendations. However, achieving this requires a full understanding of the model logic for
both business users and financial services regulators supervisory purposes to be able to trust its
outputs to enable, adopt and denote its business value in bank consumer relationships. To first
build an optimistic research regression framework, predicting the probability of an applicant
defaulting in a 12 months’ time frame, several models were tested, compared and benchmarked
using a range of ML models from classical regression methods to highly complex non-linear
models. Recent developments in deterministic post-hoc explanation techniques are considered to
address the black box problem, and to provide additional insights into the models and their outputs.
These attribute relevance scores need further interpretation to provide a more immediate
understanding of the consequences of the reasons behind the predicted score. The purpose of the
job relevant visualization is to highlight the relevant feature for each credit prediction according
to the stakeholder perception and capability of interpretation. For expert risk analysts this means
namely providing a list of the top relevant reasons. For the layperson bank user this means
visualized reasons either based on integrated prediction methods or integrated local prediction
methods for the complete transformation of the feature representation space to the latent
explanation space.

3. Challenges and Limitations

Real-time credit monitoring and scoring systems powered by Artificial Intelligence (Al) are being
developed and implemented as valuable and necessary tools in understanding customer financial
health and predicting repayment behaviours. The explicit factors & attributes that drive the credit
scoring process are disclosed as are the innovative Al techniques, methods, algorithms and
frameworks that significantly improve the traditional credit scoring process. Credit and financing
institutions across the globe are now able to leverage big data, alternative data sources, cloud
computing and machine learning (ML) algorithms to conduct pre-approved instant loan evaluation
and approval, and real-time monitoring of the customer's financial behaviour and creditworthiness.
Transparency is introduced to the Al-powered credit scoring process, while protection and rights
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of consumers are also respected. Consequently, Al-powered credit monitoring and scoring systems
are considered important tools or applications for managing credit risks & frauds in financing
institutions across the globe.

With the rapid development of fintech and Al technologies, many online platforms have obtained
customers’ financial data from banks, payment services and internet service providers (ISPs) for
product recommendations, financial behaviours analysis and predicting loan defaults.

Fig 3: Challenges of Al in Credit Scoring
3.1. Data Privacy Concerns

Various artificial intelligence (Al) models are evaluated to predict the likelihood of credit defaults
based on historical transactions. Transfer Learning is one such model, and it could be valuable for
emerging credit markets with limited training history. Similar models can be used to assist in real-
time credit scoring. The inputs to such a model would include the latest transactions by a held-out
target user, and the model could provide an updated score within seconds; however, this violates
legal requirements regarding the need for data protection and privacy by design. Credit scores have
reinvigorated this debate, since most scores require applicants to upload personal information,
from which other coveted information can be inferred.

Traditional cryptographic solutions do not prevent authorized agents of a bank from unauthorized
abuse of sensitive information, since they have unrestricted access to large amounts of sensitive
data during day-to-day business. Inexperience of agents may also be exploited. To this end,
‘privately’ is little assurance if the rich agent can still access so much personal information and can
purposefully exploit them. Differential privacy (DP), widely regarded as a rigorous privacy
standard, is designed to prevent adversaries from gaining any additional knowledge by
inclusion/exclusion of a subject, granted that the data handle followed DP. A DP mechanism can
provide cryptographically strong guarantees, which is unprecedented in previous works. However,
an adversary can do much more than finding in/out data subjects. An adversary can still accurately
infer sensitive attributes of any sample it could find in any public database, which does not violate
any property of DP. Such a false privacy perception may result in regret.
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Hence, the question to address is 'how to preserve your privacy while allowing banks to make
predictions and analyses?' Note that preserving the privacy of credit applicants does not mean
making banks blind. Some privacy information is essential for banks to make decisions or give
credit scores. Here proposed is a Privacy-Preserving Credit risk modeling (PCAL) which
eliminates sensitive attributes from original data, upon which banks can conduct traditional
analyses and predictions to assist credit applicants. While effective, Privacy-Preserving Credit risk
modeling systems tend to blindly spoil data, which may damage prediction and analysis
performance significantly. It is also crucial to design a better policy to model it. The system
architecture is composed of a bank and a mobile phone.

3.2. Algorithmic Bias

The recent widespread adoption of machine-learning techniques in credit scoring has exacerbated
the challenges posed by algorithmic bias. Because of their opacity and complexity, many critical
machine learning models used in credit scoring cannot be fully understood by stakeholders,
including lenders and regulators. Consequently, there is a risk that credit-scoring models will
create disadvantageous outcomes for certain groups of individuals, even when credit judgments
are not intended to be discriminatory. As a result, a number of US states have either outlawed the
implementation of black-box credit-scoring algorithms or introduced legislation limiting their use.
New regulatory and technical standards are also being discussed at the federal level. It is not only
a matter of meeting regulatory requirements; lenders are keenly aware that the integrity of their
internal business practices, reputations, and brand equity relies on ensuring fairness in their credit
decisions.

Achieving fairness in decision-making algorithms using large datasets poses particular challenges
and trade-offs. Proposals have been made in academic, governmental, regulatory, industrial, and
legal channels. One of its most publicized proposals is to improve the interpretability and
transparency of Al systems. Lenders have begun to embrace this idea as ethical and regulatory
scrutiny increases. Although enhancing transparency incurs a certain degree of disadvantage in
terms of predictive power, it opens up for lenders the possibility of documenting and reasoning
about the use of credit-scoring models in front of external stakeholders. It seems fair to place some
burden of proof on Al vendors to comply with the increased scrutiny concerning the new black-
box systems being proposed.

In addition to moral and reputational concerns, regulators in several jurisdictions, including the
European Union and states in the US, are looking at the potential for discriminatory practices
arising from the deployment of credit-scoring algorithms. Consequently, lending institutions are
being persuaded, or even compelled, to engage with transparent inspection approaches to testing
for unfair effects. However, for transparent models such as logistic regressions, the existing model-
specific statistical approaches to discrimination testing cannot be applied directly to more opaque
decision systems. Testing for fairness must take into account the complex nature of the systems
used to judge eligibility.

34



Jeevani Singireddy

Equ 2: Neural Network-Based Scoring (Simplified)

Where:
* fp = neural network with parameters 8
» x;(t) = real-time credit-related input vector

:‘)i ( t) = f()(.’[‘-,' (t)) e Qutput: score, risk class, or credit limit recommendation

4. Case Studies of Al in Credit Scoring

Recent advancements in Al and statistics-based credit-scoring models have elevated the ability to
make quantitative decisions in the lending process by providing clearer pathways towards
interpreting the rationale of the model using relevant data. However, consumer preferences and
credit behaviour can often shift over time, requiring continuous monitoring of credit risk
throughout the life of a loan, as opposed to deriving a credit score at a single point in time in the
credit-scoring process. Continuous monitoring requires examining a single model against new data
and obtaining risk parameters repeatedly, which may pose technical challenges in comparing older
versions of the model. These issues inherently relate to implementation.

Dataminr Credit Rewind, which leverages the precise deep learning capabilities of Dataminr’s
most advanced Al models, aims to assign new scores to existing loans using the credit-risk metrics
derived previously. Each underlying agency classification, including C-B-scores and Address
Score, is executed independently, while the final weighted score selected for the target loan is
built, allowing for flexible adjustments to the underlying score weights without changing the
models. To avoid skewness in the target variable for each underlying model trained, a join group
of less than 60 months to models with maximum loan age of 60 months is filtered before feature
extraction and score generation. The single-rooted acyclic graph structure eliminates the blocking
mechanism commonly found in concurrent models for credit risk classification, while preserving
the ability to return information for all predecessors along the pipeline.

Unlike agency-derived scores with set ranges, the best option for the selected score in Credit
Rewind is uncertainty—~being limited solely by prior models and existing features without a
corresponding target range, thus requiring consideration for threshold selections when proceeding
to score additional loans. Score rescaling against historical performances on file loans is
introduced, which can use hardcoded sets or regression functions to derive a lower bound by
running past file jobs, an upper bound based on agency maximums, and a score-type-specific
rescaling factor.
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Fig 4: Case Studies of Al in Credit Scoring
4.1. Successful Implementations

As the world experiences the rise of the information age, the availability and adaptability of
information to changes in data have never been better. Credit risk and scoring practitioners must
struggle constantly with improving scorecard performance and responding to the growth in data.
However, it is a difficult and costly task: Some estimates suggest that a 1% improvement in
performance in pre-screening credit risk could save the industry $300 million. The inadequacy of
the traditional techniques is readily apparent as account limitations restrict applicability, stability
limits their currency even if successful, and competition limits their capacity to disclose the
candidate data to scorecard developers.

Machine learning has surged in popularity because they can overcome those inadequacies and
extract better insights from data automatically or semi-automatically. Although they represent
numerous families of techniques, they all share the fundamental idea of recognizing patterns in
data to make predictions. Therefore, their focus is usually on the design of input features to
optimize prediction performance. Automatically-searched features can uncover idiosyncratic
correlations undetectable through expert-developed features. Feature importance ranking can flag
spurious correlations and intrusive variables for attention in data preparation.

The financial industry is now pursuing non-intrusive alternative features, collected from a
multitude of available data sources that encompass digital footprints, online behavior, network
connections, transaction data, etc. Due to severe data confounding and inaccuracies, there are not
only challenges in obtaining those data but also concerns about always-removed accounts and
thousands-of-signals mass. Substantial efforts have been made through engineering, analytics, and
interpretation in extracting actionable insights. The advent of big data sparked heated competitions
for data and offers great opportunities to enhance decision efficiency. The mass data requires
automated intelligence able to exploit their value. The outcome is the popularization of Al. Deep
learning has taken center-stage for big data because of its great representational power and
flexibility. New algorithms, aided with massive resources, are being continually developed and
refined.
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4.2. Lessons Learned

There are significant implementation challenges and limitations with using machine learning in
economy-wide credit risk analysis, especially related to the limited data availability and access.
The approach is also not widely used due to its associated cost and complexity. There are
opportunities with well-tested machine learning techniques that could help banks better gauge risk
in the loan portfolios that are most significant to overall financial risk, particularly in areas of
development finance. However, as with any new approach, there is a need for experimentation to
properly assess the operational implications. The machine learning framework for credit scoring
is framed using the supervised, prediction, and classification techniques of logistic regression and
support vector machines. Results indicate that, while logistic regression models remain
competitive across measures of accuracy and interpretability, support vector machines present
advantages associated with probabilistic output and increased predictive performance. In fact,
machine learning applications are beginning to facilitate the efficient operations needed to manage
risk and compliance obligations. Given the focus on identifying threats to financial institutions, it
is perhaps expected that interest in machine learning in finance should expand markedly, especially
in the wake of the recent financial crisis, which revealed widespread deficiencies with risk control
methodologies. On-going reforms to improve transparency and enhance the robustness of financial
instruments are also adding to the complexity of risk assessment. By doing so, they should pave
the way for more efficient measuring and monitoring of risks, particularly here by removing
barriers to, and expanding possibilities for, information gathering and storing. This is an important
aspect, as the robustness of information plays an underlying role in risk assessment and the efficacy
of its methodologies.

5. Machine Learning Techniques in Credit Scoring

Credit scoring systems have undergone a transformation since their inception, as an increasing
amount of data is made available to lenders on potential borrowers. For several decades, traditional
credit scoring methods using credit bureaus’ credit records have dominated the credit industry.
The complexity of these scoring systems is too great for the average consumer to try to fix their
credit score. The emergence of credit scoring as a research problem before the era of artificial
intelligence spurred an abundance of research activity. Following the advancement of Al in recent
decades, recent research effort in the intersection of finance and machine learning has pushed
credit scoring research in new directions, expanding the question space and making it more
relevant to practice.

Machine learning architectures modified for non-financial applications are applied to adapt them
to the credit industry. Data privacy issues need to be carefully addressed before applying machine
learning techniques in cross-industry loan transfers or fintech partnerships offering credit modeling
services. Financial regulations, concerns for avoidable catastrophic decisions, and personal
responsibility for model failures can all hinder the use of Al in lending. The aim is to explore how
much modern machine learning techniques are transformed upon entering credit assessment and
what advantages they offer. An extensive literature review collects research on various aspects of
credit scoring, which is classified according to the type of technique used: traditional, rule-based
models, non-parametric models, machine learning algorithms, and deep learning techniques.
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To fully utilize the power of machine learning algorithms, both better performance and greater
interpretability are essential, but better performance usually comes at the expense of
interpretability. The credit demand forecasting literature wraps the predictive algorithms in a
holistic product batch forecasting framework. Multi-tiered methods are proposed to transfer Al
credit assessment models to credit experts. The application of ensemble methods, especially
boosted trees, is studied in the context of explainability. Classical and deep learning based anomaly
detection approaches are reviewed for the detection of credit card fraud. A novel real-time credit
card transaction detection prototype built upon ensemble methods is described, and it is shown
how innovations in classification and non-classification areas in machine learning can benefit from
each other.

Fig 5: Machine Learning, and the Future of Credit Risk Management

5.1. Supervised Learning Methods

The term "supervised learning” refers to the class of predictive models in which an observed
response (or "label") is available to the analyst. Common examples of supervised learning methods
include decision tree algorithms to support credit scoring applications. One of the main advantages
of decision trees is their simplicity and interpretability. Alternative tree construction paradigms,
such as "boosting," assemble multiple "weak" trees to generate a more capable final model.
Another family of supervised learning models is based on linear regression techniques. They can
be used widely in credit risk modeling because they can be easily estimated on vendor systems
and can produce interpretable results. Logistic regression (or logit) is the most widely used model
in credit scoring, even in cases where Z-scores can have infinitely high expected values. One of
the model’s assumptions is that the relationship between the independent variables and the log-
odds of the response variable is linear. K-Nearest Neighbors (kNN) algorithm is a non-parametric
technique used for classification and regression tasks. A major weakness of KNN is the requirement
for major systems investment since generating the nearest-neighbour rule is very computationally
intensive.

The most active branch is currently ensemble methods which use multiple smart estimators to
generate a more accurate final model. In this context scoring using a gradient boosting tree trained
on a mixture of Deep Neural Networks (DNNs) and logistic regression is increasingly considered
important. DNN model variants are also increasingly targeted, with the Deep and Cross Networks
(DCN) architecture recently introduced for scoring. A powerful recent contestant is ExtraTrees, a
variant of the Random Forest model. It outperformed both gradient boosting trees and DNNs on
public credit scoring benchmarks. The classifier is constructed to model the behaviour of human
credit experts while sampling training data to avoid overfitting to outlier observations. Deep
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learning has gained popularity in other applications because of the availability of massive data. In
credit scoring, few attempts have applied it to real scoring datasets. It has been found that DNNs
are less accurate than other methods on raw data. Nonetheless, they impressively outperform tree
ensembles and scorecards on basic and image-based features.

5.2. Unsupervised Learning Approaches

There are two commonly used families of unsupervised learning techniques. One family of
unsupervised learning techniques is popularly known as clustering techniques. Clustering
techniques apply on data which has no predefined classes. These clusters help gain insights on the
data. K-means clustering is a well-known clustering method. First, assign a random centroid and
watch the assigned points towards the centroid and re-estimate the centroid. Iterate the method till
the centroid value remains constant.

Another family is popularly known as anomaly detection techniques. These techniques build a
model of normality where what is considered normal is either learned or defined, and everything
that significantly deviates from this model is considered anomalous. Traditionally, various
statistical techniques had been used for anomaly detection techniques. Nowadays, machine
learning-based techniques have been used for that. Distance-based, density-based, and spectral
techniques belong to this family. In real-time credit monitoring, transactions are compared with a
normality model to decide on the suspiciousness of the transaction. A statistical approach is a good
candidate for this problem, which builds a normality model based on previously approved
transactions.

Clustering-based anomaly detection techniques can tackle the problem since approved transactions
can be cluster-structured. But here, the task is repetitive since the incoming transactions will be
subjected to the clustering technique which can yield new clusters due to day-to-day variations.
Transaction encoding is a popular technique that uses contextual features along with numerical
features. Current transaction feature extraction techniques are weighted distance-based and feature
selection techniques. The present work proposes a novel feature extraction technique for credit
card transaction detection based on the algorithm described by.

Equ 3: Time-Series Update for Score Drift

Where:

e g;(t) = most recent model prediction

SEataI(EA 1) =5 SEoRSIE) £ (L —4) - 5 * 7 € [0, 1] = decay factor for smoothing

Conclusion

Although there has been unprecedented growth in credit risk monitoring and scoring systems using
credit data, the ideal system that can be applied in a real-time manner is still not available in the
market. A real-time credit monitoring includes some basic features that are all lacking in the market
products. They are: (1) All credit data should be monitored (2) Scoring should be done in real-time
(3) Users should be able to pre-specify different scoring mechanisms according to their needs and
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requirements (4) An early warning signal should be generated whenever threshold discrimination
scores are crossed and (5) Results should be in graphic displays with a detailed statistical summary
report. Based on extensive research and an analysis of current Al techniques, a credit risk
monitoring and scoring system has been developed. All techniques are built on eight basic Al
methodologies which cover almost all the new evolvements of Al techniques. They are: (1)
Adaptable Recursive Random Forest (ARRF) (2) Type 2 Fuzzy Sliding Window (T2FSW) (3)
Support Vector Machine (SVM) (4) Hybrid Al (HyperCube) (5) Non-Parametric Bayesian
Network (NPBN) (6) Self-Organizing Map (SOM) (7) K-Means Fuzzy Clustering (8) Evidence
Decision Logic (EDL). A project on electric utility default prediction, a critical credit risk
management function, has been completed and the analysis has been published. It was found that
the non-parametric Bayesian framework, which is a wide and more general Al approach, exhibits
the best performance with respect to prediction accuracy, scoring stability, meaningfulness of
scoring value, reasonably short time period independent of the number of items for penalty, and
scoring status independent of recession and its duration. With the aid of standard graphic display
tools, useful information for credit rating assessment, classification, and monitoring systems with
the necessary confidence can be provided to the credit management community. It also serves as
an innovative assistant tool for credit researchers relying on their judgment or expertise by
inputting intuitive rating assignments and rates. Discounted cash flow models with a deterministic
assumption of rates are typically adopted by banks to forecast the bank value. The projected cash
flow is then compared with the current bank value as inputs to the acceptable ranges of rates.
However, the modeling approach, having to translate all the assumptions in the rates clearly, is too
complicated, subjective and rigid. Risks are typically treated either involving complex stochastic
changes of several variables or fully consistent models in an accounting framework with heavy
stochastic jumps to permit extensive allowability.
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Fig : Al Credit Scoring The Future of Credit Risk Assessment
6.1. Future Trends

For many countries, this service is relatively new, and therefore, much quicker sets of actions still
need to be taken. An option can be to replicate a system that is already established and functioning
elsewhere. Many lenders have a credit score-based system in place, while others rely on a mix of
simple scoring rules. In either case, using information about gravity scores, a market player can
quickly adapt its score-based methods. Gravity-based predictions and internal scoring derivations
can be nationally or generically modeled.

For instance, modeling parameters (regressors) that can mimic a previously learned credit scoring
model can be taken care of by a third company. This would leave the lender to design the
conditions of use in-house, while the actual information prediction part could be handled
externally, at least initially. If the quality fulfills clients’ requirements, rolling out a more
sophisticated pull mechanism can come next.
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Every new entrance should ditch the idea of building a sophisticated system not based on a pre-
existing pillar, possibly a hybrid. Using external data-based prediction systems can produce quick
wins. With growing expertise and services, a more customized and localized approach can follow.
With a dedicated team, one can imagine a system of parallel credit score domains that manage on
public interest and commercial interests criteria.
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