BFSI: Credit Risk
Assessment Model

Summary
Credit risk is the possibility of a loss resulting from a borrower's failure to repay a loan or meet contractual
obligations. Traditionally, it refers to the risk that a lender may not receive the owed principal and interest,
which results in an interruption of cash ﬂows and increased costs for collection. Consumer credit risk can be
measured by the ﬁve Cs: credit history, capacity to repay, capital, the loan's conditions, and associated
collateral.
Credit analysts are typically responsible for assessing this risk by thoroughly analysing a borrower’s capability
to repay a loan.
Machine learning algorithms have a lot to oﬀer to the world of credit risk assessment due to their unparalleled
predictive power and speed. Using the application of Machine learning (ML) on a customer data, a prediction
(classiﬁcation) model can be put in-place to predict whether a particular customer has a credit risk or not.
There are various intensive operations involved in building ML models from data access from multiple sources,
cleaning and preparing data relevant for ML models and ﬁnally building various experiments of models to
enable decision support for Credit risk calculation. would have taken weeks.
The below model building demo is to illustrate HyperSense AI Studio capabilities of building the model using
features such as
No-code – drag and drop ready-made operators.
Ease of data preparation with in-built mathematical functions
Quick Visualization to learn customer churn behaviour.
Experimenting various models in no time
Deploying prediction models on production datasets.
The overall ML model building eﬀort using above features of HyperSense will take 30-45 mins.

Credit Risk Assessment Use Case Illustration
In this use case the credit risk is the set of customers that are at risk of failure to
repay a loan or meet some contractual obligations to the relevant bank or
company. In the below implementation, we will see how to create aHandset
Fraud Detection ML model.
Using the application of Machine learning (ML) on the customer’s data such as
Purchase history, Credit card and Bank statements, current and previous loan
details, Collaterals and holdings, a prediction (classiﬁcation) model is built to

Data source: UCI Statlog (German
Credit Data) Data Set

predict whether a particular customer is a Risk or not. The ML pipeline built is

Machine Learning: Auto CASH

deployed and run-on regular basis to help the company to avoid targeting

(click this link to see pipeline in A.I Studio

certain customers with their oﬀerings.
In the below given implementation, we will see how to create a credit risk
classiﬁcation ML model, using the sample data which is masked and simulated

Run Time: 3-4 mins

Eﬀorts to build: Max.
45 /hypersense.subex.com/ai-studi
mins
https:/
Video Demo: Link

to maintain data privacy from the source.

01

hypersense.subex.com

1. Inputs
The input data consists of 1000 rows, and each row has 21 columns, including the Target column Label’. The data is masked, and there are 8
continuous variables and 12 categorical variables in total. Below is data summarization of few variables.
Var 1

700

350

600

300

500

250
count

count

Label countplot

400

150

200

100

100

50

0

0
1

Label

0
1

200

300

0

Label

A11

A12

A13

A14

Var 3
Label

350

0
1

300

count

250
200
150
100
50
0
A34

A32

A33

A30

A31
Var 4

Label
0
1

200

count

150

100

50

0
A43

02

A46

A42

A40

A41

A49

A44

A45

A410

A48

hypersense.subex.com

Var 6
400

Label
0
1

350
300

count

250
200
150
100
50
0
A65

A61

A63

A62

A64

Var 14
Label
0
1

600

count

500
400
300
200
100
0
A143

A141

A142

The data preparation is performed using Csv Reader, normalization and encoder operators. This has resulted in a clean data as summarized
below.

1.1. CSV Reader
CSV Reader allows the user to load CSV ﬁles (Input) and
converts the data into a readable format. We ingest the ﬁrst 190
continuous columns and the remaining 40 categorical columns
separately through two csv readers.
1.2 Normalization
Normalization is a scaling technique in which values are shifted
and rescaled so that they end up ranging between 0 and 1 (in
case of min-max scaling) or -1 to 1 (in case of Z score).
1.3 Encoder
Encoder determines the existence of a string value in a selected

The variables given in the data are generally skewed and requires

column within each row in the data set. It converts categorical

normalization for the algorithm to learn patterns suﬃciently. This operation is

values to numeric values.

achieved using a Normalization operator.
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2. Feature Engineering
1 Feature
Engineering:
2.1. Correlation
Testing
CorrelationTesting:
between sets of data is a measure of how well they are related. Correlation Analysis is a bi-variate (meaning that the analysis is done
2.1. Correlation
between two variables) statistical procedure used to identify and quantify the possible associations that might be present between the

Correlation between sets of data is a measure of how well they are related. Correlation Analysis is a bi-variate (meaning that the analysis is
variables.
done between
two variables) statistical procedure used to identify and quantify the possible associations that might be present between the
variables.
This helps to identify what variable would potentially help predict customer credit risk.

This helps to identify what variable would potentially help predict customer credit risk.
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3. Auto ML components:
3.1. Auto Feature Selection:
The process of reducing the number of predictor variables used by
the models is carried out through feature selection. Auto Feature
Selection assists the user in predicting/identifying the variables
needed to construct the model by automatically deciding
independent variables.

3.2. Auto CASH:

the most optimum model (with hyperparameters) out of them,

Auto CASH aids in the automatic setting of the model hyper
parameters

to

maximize

performance.

Hyper

parameter

that ﬁts the given input data perfectly, to make the most accurate
predictions.

optimization (HPO) is a technique for ﬁnding a high-performing

The best model that was chosen after providing the ideal set of

hyper parameter conﬁguration for a machine learning model on

features from the Correlation Testing and Auto Feature Selection

any given data set. This tool provides several algorithms for both

operator was, the Random Forest ensemble model with the

classiﬁcation and regression methods, and automatically selects

following set of hyperparameters:

3.2. Auto CASH:
Auto CASH aids in the automatic setting of the model hyper parameters to maximize performance. Hyper parameter optimization (HPO) is a
technique for finding a high-performing hyper parameter configuration for a machine learning model on any given data set. This tool provides
several algorithms for both classification and regression methods, and automatically selects the most optimum model (with hyperparameters)
out of them, that fits the given input data perfectly, to make the most accurate predictions.
The best model that was chosen after providing the ideal set of features from the Correlation Testing and Auto Feature Selection operator was,
the Random Forest ensemble model with the following set of hyperparameters:

affecting the
the
he
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he

Final ML Pipeline for Churn Prediction Model

3 Model Insights:
Model Validation report:
The model is able to correctly predict credit risk of customers almost 78% correctly. Given more data with time, along
additionally viable variables, the accuracy would be improved.

Final ML Pipeline for Churn Prediction Model
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4. Model Insights

4.1 Model Validation report
The model is able to correctly predict credit risk of customers
almost 78% correctly. Given more data with time, along additionally
viable variables, the accuracy would be improved.

Feature Importance Analysis:
This
helps user understand
Feature
Importance
Analysis:what customer behaviours-based variables are leading to possible churn behaviour.
This helps user understand what customer behaviours-based variables are leading to possible churn behaviour.

4.2 Feature Importance Analysis
This

helps

user

understand

what

customer

behaviours-based variables are leading to possible
Model Predictions:

churn behaviour.

The final model output is the model predictions itself, that have classified the customers into the two classes that say whether the customer was
a Risk or not.

4.3 Model Predictions
The ﬁnal model output is the model predictions itself, that
Customer Credit Risk evaluation graph:

have classiﬁed the customers into the two classes that say

This decision tree analysis helps identify what variables related to the customer’s behaviors led to categorization of them into the
two output classes, leading to a graphical structure, which gives insights into the model’s interpretability.

whether the customer was a Risk or not.

Customer Credit Risk evaluation graph
This decision tree analysis helps identify what variables related to the customer’s behaviors led to categorization of them into the two output
classes, leading to a graphical structure, which gives insights into the model’s interpretability.
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Var 1 1.5
Gini = 0.423
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Var 2 22.5
Gini = 0.494
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class = 0
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hypersense.subex.com

About HyperSense
HyperSense is an AI Orchestration platform that helps enterprises operationalize
AI enabling scalability and growth. It gives you the AI automation capabilities to
build, test, deploy, and operationalize AI models in minutes. It is a no-code
platform with an intuitive drag-and-drop framework that makes AI/ML
accessible to various organizational stakeholders and empowers them to
become citizen data scientists. You can get lightning-fast insights, predict
outcomes accurately, automate complex workﬂows, optimize operations, and
discover new business opportunities. With HyperSense AI, you can work faster,
smarter, and better.

HyperSense AI Capabilities

Ideate

Let enterprises
design, explore, and
validate business
problems to ﬁnd
appropriate
solutions.

Create

Collect data from
multiple sources,
databases, and
business functions
to build, deploy, and
scale AI in minutes
without coding.

Operationalize

Create complex
business rules and
quickly deploy
AI-critical
processes that
convert data into
actionable insights
in real time.

Innovate

Let businesses
continuously
investigate,
collaborate, and
drive innovations
based-on model
insights.

For more information email hypersense@subex.com or visit, www.hypersense.subex.com
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