
How Banks Are Leveraging AI
Overcoming Key Challenges of 
Machine Learning Based Credit Scoring



With the rise in available data and access to computing power, banks are looking 
more and more towards artificial intelligence and machine learning. Credit risk 
modeling in particular benefits greatly from machine learning’s ability to combine 
internal financial “transactional” data and additional external public data for a 
more powerful credit scoring model.

Using AI for credit scoring means you are unconstrained by many assumptions 
inherent in traditional statistical models, which limit the insights analysts can gain 
from the data. In particular, machine learning benefits from more information 
and can make connections to non-linear relationships that other credit scoring 
models would miss.

Unfortunately, credit risk modeling with machine learning is not without its 
challenges that have so far made it a difficult proposition for many financial 
institutions. Machine learning has a much more complex approach and struggles 
to overcome bias which makes explainability a key issue. With the wide variety of 
data available to your machine learning model, maintaining stability and reducing 
overfit becomes a significant challenge. These difficulties have caused some 
fintech professionals to have a negative connotation around AI and machine 
learning.

Luckily, there is a new generation of AI-based credit scoring technology available 
today that banks are using to advance the business of consumer loans. These 
products are built to overcome the challenges that the first generation of AI 
solutions didn’t solve.

This whitepaper will explore the challenges of machine learning and help 
innovators and risk managers find new technologies to help their banks gain a 
competitive advantage. It will cover:

 Gaining Explainability: Despite what many believe, machine learning 
can overcome bias and discriminations and provide an explainable model. 

 Maintaining Stability: How risk models can avoid overfitting, create a 
more robust predictive model and improve Gini scores over time.

 Advances in AI for Credit Scoring:New AI technologies that avoid 
machine learning challenges are penetrating the banking sector.
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Gaining Explainability

Many banks find it difficult to use machine 
learning based credit scoring algorithms because 
of the legal restrictions on using models that 
aren’t explainable. No matter how reliable or 
valuable your credit risk modeling is, it doesn’t 
benefit your bank if you aren’t able to show how 
you got the result.

The most important element of explainability 
is the ability to show that your model is not 
biased, and doesn’t discriminate against people 
on the basis of characteristics that are improper 
or illegal. Overcoming machine bias has been 
an issue for machine learning models since 
their inception. Analytical reports like this one 
from ProPublica that shows a machine learning 
program designed to predict future criminal 
behavior was prejudiced against minorities has 
given AI a bad reputation.

An ANOVA test is a widely used procedure for 
assessing bias in a machine learning model. While 
it may seem like the ability to add data to your 
credit scoring model from the same population 
can help reduce bias, this does not actually help. 
Drawing more heavily from the same population 
will do little to prevent the under-representation 
of the genders, races or other non-PC attributes 
that are causing the bias. Instead, adding in more 
data from other populations specifically related 
to the under-represented attributes can improve 
the reliability of your model.

There are currently three main methods for creating 
explainability in machine learning models that AI-based 
credit risk management solutions use:

• Leave-One-Covariate-Out (LOCO) - LOCO was originally 
developed for regression overfitting models but can 
provide benefits for many types of machine-learned 
response functions. The technique's goal is to determine 
the variable with the largest absolute impact on a given 
row, by iteratively zeroing out variable values. This 
variable is then determined to be the most important 
for that row's prediction. Variable importance measures 
can increase explainability when they align with human 
domain knowledge and are able to maintain stability as 
data sets change.

• Local Interpretable Model-agnostic Explanations 
(LIME) - The LIME method generates explainability by 
building surrogate models based on a single observation 
that is interpretable by humans. Once a set of explainable 
records is established, they can be scored using the more 
complex machine learning model. Then, to interpret a 
decision about another record, the explanatory records 
are weighted by their closeness to that record, and an 
L1 regularized linear model is trained on this weighted 
explanatory set. The parameters of the linear model 
then help explain the prediction for the selected record. 
While this may seem like an oversimplification to base 
explainability of your credit risk modeling on a set of 
simpler records, using fewer variables when explaining 
risk models can create more trust.

• Permutation Importance - While LIME focuses on 
specific records and expands from there, Permutation 
Importance is a technique for the global model. The 
reasoning behind this method is that feature importance 
can be measured by looking at the change in an accuracy 
score when a feature is not available. By replacing a 
feature with random noise you can determine the feature 
importance as it relates to the entire model. That way, 
we can report feature importance on each record basis, 
even if the model lacks basic explainability capabilities 
due to dimensionality reduction techniques or the use 
of more black-box algorithms.
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Maintaining Stability Stability and Overfit

Measuring Stability

While your machine learning credit risk model might 
achieve strong performance and explainability in a lab 
environment, it doesn’t necessarily mean the data will 
represent the reality. It is important for the Head of Risk 
to provide the most accurate prediction model, reflected 
by a good Gini score.

As your credit scoring model is developed, the machine 
learning needs to be trained using a labeled data set. 
Once the model is trained, will it perform its job with 
the same efficiency when given different subsets of the 
same size?

The Gini coefficient measures the performance that the 
risk department is generating through their machine 
learning model. Stability is a major challenge for all 
machine learning and financial institutions  are no 
different. Here are some of the difficulties they face 
and the new ways their finding to lift their Gini using AI 
technology.

Overfitting occurs when the model fits exactly to the 
data it’s dealt with. This may represent a sample subject 
to bias which can cause instability. For example, if 
your model is trained on a noisy data set that includes 
extraneous demographic information the model will 
have a high variance that may not be as realistic in real-
world applications.

When you publish a model, and you say you have a Gini 
of 45% for example, this Gini needs to show stability 
over time. Gini is calculated using multiple thresholds 
and multiple accepted criteria. Making bad decisions, 
like accepting loans that defaulted, means that you 
increase the risk of a false negative.

The common pitfall many machine learning models fall 
into is building a model that is too complex. While you can 
build a linear regression with thousands of polynomial 
expressions, this complex model won’t generalize well. 
Then, when you overfit on this data you will also overfit 
on the noise. By building a complex model you are giving 
much more emphasis to the noise.

Instead, using fewer variables and reducing model 
complexity in the risk models can create a more robust 
predictive model that limits overfit and maintains its 
stability after testing.

During modeling, cross-validation techniques are used 
to evaluate model stability by dividing the training data 
into subsets and testing on each iteration. Out-of-time 
samples can then be used to measure stability over 
time. Model monitoring over time can catch major drops 
in model performance. These methods can all be used 
to measure stability:

• Comparing statistical Gini tests on random samples 
to Gini scores generated during training

• Comparing predictions distribution to original model

• Compare population used in training to the one 
used in production (significant feature changes)
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While machine learning does come with inherent challenges, advances in AI technology 
are allowing banks to leverage improved credit risk management solutions and drive 
profitability to their lending businesses. With a machine learning model that addresses 
explainability and stability, financial institutions are able to gain a major competitive 
advantage.

Here are some of the ways AI for credit scoring is overcoming key challenges and seeing 
significant Gini lift:

• Data Enrichment - The idea behind machine learning models is to extract useful 
information from raw features. By applying data enrichment, we can add new, useful 
features, that combined with internal source features, can generate highly relevant 
features. For example, one might extract external mortgage information and use it 
with internal income information.

• Advanced Machine Learning Techniques - Advanced algorithms are now 
able to continually optimize the credit risk modeling process to improve stability. 
By learning and validating the portfolio’s performance over time, machine learning 
continues to get more accurate as its usage expands.

• Full Control and Transparency:Credit risk management solutions now take 
machine learning out of the “Black-Box” and create a more transparent model that 
can be easily assessed and customized by human users. New tools like customized 
feature creation provides full explainability to deliver an unbiased and stable models.

Advances in AI for Credit Scoring
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About BeeEye
BeeEye's EyeOnRisk Platform is leading the innovation allowing you to drive profitability in 
your consumer lending business, while reducing risk. Your financial institution is now able 
to build, deploy, customize and optimize your credit scoring models through EyeOnRisk’s 
machine learning platform capabilities. By improving credit scoring for existing customers, 

some BeeEye users are seeing 19.1% decreases in default rates while they see an 
increase in net accepted borrowers and a 20% overall increase in revenues.

If you’re ready to put the future of advanced machine learning in your modelers' hands, 
learn more about the BeeEye EyeOnRisk Platform today.
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