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Abstract
For banks and financial companies lending to individuals, understanding the creditworthi-

ness of new customers is essential. It is challenging for people with limited/no past credit

data. Most credit risk models extract features about existing users and aggregate them

to infer for new ones. There are not enough known features about such customers to be

extracted satisfactorily.

Axio Digital Pvt Ltd is an NBFC lending to millions of Indians. This project uses

anonymised datasets (please refer to Data Declaration) to develop various customer net-

works. Each node and edge has attributes reflecting various aspects of the customers and

the various shared pieces of information among them, like mobile numbers, email IDs, address

components, etc. These provide valuable insights into their credit behaviour.

Specifically, networks based on customer email ID and mobile numbers were developed

in the first part of the project. Then, addresses from each pin code regions were clustered

to derive address cluster-based features for an individual. Additionally, address unigram

co-occurrence graphs were created. Using these, several features were calculated for each

customer to predict their default/non-default status using binary classifiers.

The models achieved appreciable predictive power on both in-time and out-of-time test

datasets. They perform comparably to standalone inference models built on the same

dataset. They can provide an alternative way to determine creditworthiness, especially for

customers with limited/no past credit history. Overall, this study enhances Axio’s capability

to make sound credit decisions, thereby fostering customer trust.

Key words: Credit risk assessment, graph features, network analysis, binary classifica-

tion, unigram co-occurrence.
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Chapter 1

Introduction

Financial institutions, such as banks and NBFCs (Non-Banking Financial Corporations),

assess the creditworthiness of new customers using past credit information linked to the

PAN (Permanent Account Number). It is essential to evaluate their creditworthiness (i.e.,

the intention and ability to repay the borrowed credit) before approving a loan [8]. This

task becomes challenging for ‘thin’ customers — those with limited or no past credit data.

Existing models, both traditional and AI-based, used for making credit decisions, extract

features about existing users and aggregate them to infer information for new customers.

However, for thin customers, there are insufficient known features to be extracted effectively.

Axio (axio.co.in) is an NBFC that serves millions of Indians. It utilises credit bureau

and banking data to underwrite customers. To enhance its credit risk prediction model

for the dataset under consideration, I propose using a network based inference model in

addition to a standalone one. These networks have nodes representing customers and edges

representing different relationships between them, such as:

� Sharing the same telephone or mobile number,

� Sharing the same email ID,

� Sharing address components (such as the street, locality, and landmark), etc.

Each node and edge of these networks will have multiple attributes reflecting various

available information. These networks can provide valuable insights into customer credit

behaviour. See Figure (1.1). Underwriting thin customers using these network models would

provide additional predictive power beyond the existing models by utilising the edges between

the thin and thick customers. I completed the development and analysis of redacted phone

7
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Figure 1.1: A representative customer network made using phone numbers and email IDs

number and email ID networks. These will be referred to as Personal Identifier-based

Networks (PI networks).

Figure 1.2: A representative clustering of customer addresses into 3 clusters for the pin code
region 411008 (Screenshot taken from Google Maps)

The latter part of the project focuses on the use of customer addresses and pin codes

to predict their loan performance. For this, I propose clustering all the addresses in a pin

code region into three clusters, with the expectation that the different clusters correspond

to different credit behaviours. If the clusters are formed successfully, one can then predict a

new user’s loan performance based on the cluster where they reside. Refer to Figure (1.2).
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This can help us build an address cluster network.

Another proposal for addresses is to use the address unigram co-occurrence graph,

abbreviated as AUC graph here onwards. Such a graph has address unigrams as its nodes,

and edges are formed when two unigrams co-occur in any address. This is described in Figure

(1.3). Tags such as ‘house number’, ‘street’, ‘locality’, ‘landmark’, etc., are identified for

each unigram. Average default rates are attached as node and edge attributes, respectively,

based on the occurrence of the unigrams and the bigrams in the defaulters’ vs non-defaulters’

addresses. Thus, I obtain graph-based, performance-based, and tag-based features, which

have strong predictive power.

Figure 1.3: A representative address unigram co-occurrence graph for synthetic addresses

I utilised various datasets to understand the company’s current customers better and

make informed credit decisions for new customers. Overall, this project promises to signifi-

cantly enhance Axio’s capability to make sound credit decisions, thereby reducing risk and

fostering customer trust.

1.1 Overview of Credit Risk Prediction Models

A credit risk model outputs a credit risk score, representing the likelihood that the

borrower will default on their loan obligations. Typically ranging from 0 to 900, a higher

score represents a better ability to return credit.

9



Majority of the credit scoring methods typically focus on payment history, credit utili-

sation and type, total credit accounts, the number of recent credit applications, the amount

of available credit being used by the borrower, employment status, income, and so on. [8].

In India, four credit information companies (CIC) are licensed by Reserve Bank of

India [8]:

1. Credit Information Bureau (India) Limited (CIBIL) (www.cibil.com/),

2. Experian (www.experian.in/),

3. Equifax (www.equifax.com/) and

4. CRIF High Mark (www.crifhighmark.com/)

1.2 Challenges in Credit Risk Assessment and Ethical

Considerations

Credit Service Providers (CSPs) must overcome the following challenges and understand

the following considerations in evaluating the credit default risk [9].

1.2.1 Bias and fairness

AI systems for credit risk prediction can perpetuate existing biases if the training data

contains biased representations, leading to unfair credit decisions. Sources of bias include

biased data, biased algorithms, and biased human decisions.

By using alternative data (i.e., apart from bank statements and past credit history) to as-

sess creditworthiness, these systems have the potential to improve financial inclusion for the

deserving population, which is generally not allotted credit using traditional methods. How-

ever, such algorithms may inadvertently incorporate legally and ethically restricted personal

data, such as race or gender. Geolocation data can also be used to approximate ethnicity.

1.2.2 Interpretability

Some innovative algorithms are often complex and lack transparency, making it difficult to

explain credit decisions to consumers and regulators. This opaqueness can increase systemic

risk. Tree-based models are a suitable alternative, as they are powerful yet more explainable.
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1.2.3 Accountability

Establishing measures to validate AI systems and prevent misuse is recommended to

ensure accountability.

1.2.4 Data imbalance

Another significant challenge is the imbalance in datasets used for training credit risk

models. The default rates of CSPs are often below 10%. Note that it is more detrimental

for a financial institution to classify a defaulter customer as a non-defaulter than vice versa.

1.2.5 Feature engineering and data quality

Missing values, outliers, and irrelevant features can significantly degrade the performance

of credit risk models. Preprocessing techniques, such as handling missing values and creating

new features, can improve model accuracy.

1.2.6 Data privacy

There is a growing concern about how personal data is collected and used in credit

decisions. Many digital credit processes are opaque, making it difficult for borrowers to

understand data usage. Developing countries often lack adequate data privacy laws.

AI-based credit scoring, which relies on personal data, raises privacy concerns. Data

sources such as family networks [33], social media information [11], email data [16], grocery

transactions [27], etc., are utilised as well and must be monitored carefully.

1.2.7 International migration

Global operations are challenging for CSPs. Borrowers moving to new countries must

rebuild their credit scores, and identity verification processes increase the risk of identity

theft. The lack of international regulatory standards complicates innovation and regulation

in cross-border financial activities.
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1.3 An Introduction to Graph Databases and Network

Analysis

1.3.1 Graph databases

Graph databases store data in the form of nodes, edges, and properties, with nodes

representing entities and edges representing their relationships. They are designed to effi-

ciently model and query complex relationships between data, which is a key advantage over

traditional relational databases.

Graph databases excel in traversing and querying these interconnected data structures,

allowing for quick analysis of relationships between data points. Many applications that

work with interconnected data, such as social networks, knowledge graphs, recommendation

systems, and biological networks, require high exploration speeds. Graph databases are

dynamic and flexible, adapting to changing requirements [7].

Some popular graph database management systems include Neo4j, AWS Neptune, Ori-

entDB, and TigerGraph.

I have used Amazon Neptune for my work, where I queried the data using the Open-

Cypher language. The Python library NetworkX [22] was also used.

1.3.2 Network analysis techniques

Network analysis techniques are used to study the structure and dynamics of complex

networks, such as biological networks, social networks, and transportation networks. Some

common network analysis techniques include node centrality measures, community detection,

link prediction, network dynamics, etc.

The combination of graph databases and network analysis techniques can be particularly

powerful for credit risk prediction, as it allows for the efficient storage and querying of

complex, interconnected data, along with valuable insights into the structure and dynamics

of the data [7].

1.3.3 Advantages of graph databases for credit risk prediction

Using graph databases and network analysis techniques for credit risk prediction offers

several advantages over traditional machine learning-based methods:

� Handling complex relationships: Graph databases can efficiently model complex
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relationships between borrowers, lenders, and credit transactions, which are often dif-

ficult to capture using traditional machine learning methods. This allows these rela-

tionships to be considered for accurate credit risk assessments.

� Temporal and dynamic analysis: They enable the analysis of evolving relationships

and patterns over time.

� Integration of multiple data sources: Diverse data sources, including structured

and unstructured data, can be integrated to create a comprehensive view of credit risk

factors.

� Scalability and flexibility: Graph databases are designed to handle large-scale,

complex networks, making them well-suited for the task of credit risk prediction.

� Improved interpretability: Graph databases provide a visual representation of the

relationships between entities, enhancing transparency.

� Enhanced semi-supervised learning: Graph neural networks (GNNs) can leverage

the structural information within graphs to perform semi-supervised learning, which

is particularly useful when labelled data is scarce.

� Multi-task learning: Multi-task learning, which involves training the model on sev-

eral related tasks at once, can be accomplished via graph neural networks.

1.4 Hindrances with Customer Addresses

Most addresses in India are unstandardised and do not follow any fixed pattern. The same

address can be written in multiple different ways. There are variations due to misspellings,

colloquial neighborhood names, local languages being transliterated into English, and other

inconsistencies. Consider the following examples from [29] as an example:

1. ‘XXX, AECS Layout, Geddalahalli, Sanjaynagar Main Road, Opp. Indian Oil Petrol

Pump, Ramkrishna Layout, Bengaluru, Karnataka 560037’

2. ‘XXX, B-Block, New Chandra CHS, Veera Desai Rd, Azad Nagar 2, Jeevan Nagar,

Azad Nagar, Andheri West, Mumbai, Maharashtra 400102’

3. ‘Gopalpur Gali XXX, Near Hanuman Temple, Vijayapura, Karnataka 586104’
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4. ‘Sector 23, House Number XXX, Faridabad, Haryana 121004’

5. ‘H-XXX, Fortune Residency, Raj Nagar Extension, Ghaziabad, Uttar Pradesh 201003’

Relying solely on pin codes is also challenging. The area covered by a particular pin code

varies widely, and a large fraction of written pin codes are incorrect or outdated [40]. Thus,

developing a customer address network is not as straightforward as phone number or email

ID networks.

Consider these two synthetic addresses:

‘a 14 shriram apartments jawaharlal nehru rd 1st flr maharashtra mulund west

mumbai’

‘a 14 1st floor shriram apartments jawaharlal nehru rd mulund west mumbai

maharashtra’

Although one can understand that these two addresses refer to the same place, their

normalised Levenshtein distance is about 0.52. Thus, fuzzy matching is not optimal for

dealing with addresses. Similarly, comparing common substrings or performing sequence

alignment (like in bioinformatics) is inadequate. Sophisticated methods are required to

extract the meaning and the location’s hierarchical structure.

1.4.1 Address Preprocessing

Cleaning customer-submitted addresses is crucial before performing any downstream

tasks. Below are some common preprocessing steps:

1. Setting the word case: One can turn all words into lowercase or convert proper

nouns to title case.

2. Removing unnecessary elements: Remove symbols, digits, excessively short or long

words, phone numbers, extra spaces, pin codes, duplicate words, redundant terms, stop

words, etc.

3. Correcting misspelled words: Correct spelling errors, e.g., ‘appartments’→ ‘apart-

ments’.

4. Splitting compound words: Split compound words, e.g., ‘roadnear’ → ‘road near’.

5. Joining mistakenly split words: Merge words that were erroneously split, e.g.,

‘bengal uru’ → ‘bengaluru’.

14



It is important to note that address cleaning involves some level of subjectivity. In

the case of proper nouns, there is no universal standard for correctness, e.g., ‘Ramnagar,’

‘Raamnagar,’ and ‘Ramanagar.’ These nuances must be considered beforehand.

1.4.2 Address Element Recognition

Recognizing elements such as house number, road, locality, landmark, etc., from Indian

addresses is a more nuanced task than performing named entity recognition (NER) on stan-

dard text. The exact list of entities depends on the downstream task and whether the

addresses originate from tier 1, 2, or 3 cities, or from villages. However, there is no large

publicly available labeled dataset to train an NER model specifically for this task.

1.5 The Aim, Scope, and Significance of This Project

1.5.1 Aim

This study aims to develop a novel approach for assessing customer default risk using

graph-based techniques. It focuses on constructing and analysing networks derived from

customer addresses, mobile numbers, and email IDs. The study explores the predictive

power of network-based features in predicting financial risk, without the need for traditional

geospatial data.

1.5.2 Scope

1. Phone number and email ID networks: I constructed customer relationship net-

works where nodes represent a customer, and edges represent shared mobile numbers

and email IDs, identified through past bureau records. This network helps in identify-

ing the predictive power of the social circle of a person. The customer’s addresses are

not considered here. Also, I have not used sophisticated algorithms for graph feature

representation like Node2Vec, Graph2Vec, etc., here.

2. Clustering addresses in a particular pin code region: I performed clustering

of cleaned addresses for a particular pin code region into clusters based solely on

the address text. This approximates the notion of different ‘localities’ in a pin code

region. I hope that the different clusters exhibit distinctive loan performance with good

predictive power. The goal of this exercise is to create an address cluster network,

15



where two customers have an edge if any of the addresses in their records are placed in

the same cluster. I have not considered address entity recognition or geospatial data

here.

3. Address unigram co-occurrence networks: I developed a graph based on the

co-occurrence of address unigrams. The component tags, viz., house number, street,

locality, landmark, post office, VTC (village/town/city), sub-district, and district, are

identified. Average default rates are attached to the nodes and edges. Thus, I obtain

graph-based, loan-performance-based, and tag-based features for risk prediction. Ad-

dress pin codes and geospatial data are not used here. In addition, I have not used

Node2Vec, Graph2Vec, etc., here.

The study does not incorporate traditional credit scoring parameters such as income or

employment history. I also do not develop graph neural networks, since they are computa-

tionally expensive. Additionally, direct geospatial analysis using latitude/longitude is not

included, as the focus is on the textual content of addresses.

1.5.3 Significance

This project integrates text-based address graphs and identity-based entity networks for

financial risk modelling. It demonstrates the scalability and utility of using graphs for large-

scale financial data. As more users are incorporated into graph formation, the number of

nodes and edges increases, leading to a better understanding of customers.

Apart from default risk prediction, the AUC graph is also useful for other address-related

tasks such as:

� Suggesting next words while an address is being entered,

� Suggesting the correct spelling if a person misspells a word while entering an address,

� If pin code data is also included, suggesting a pin code after an address is filled,

� Identifying points of interest in a city for on-site operations, etc.

On the practical side, the project provides a mechanism for identifying shared phone

number and email ID connections among high-risk entities. The models developed here can

work well for thin customers as well. It offers a scalable, cost-effective alternative to tradi-

tional credit risk assessment, especially for thin-file customers and regions with incomplete

or unreliable geospatial data.
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1.6 The Structure of This Document

This document is structured as follows. Chapter 2 discusses relevant background concepts

and reviews the pertinent literature. Chapter 3 elaborates on the techniques used, and

Chapter 4 presents the results obtained. Finally, Chapter 5 describes the conclusions of this

project and suggests future research directions.

At the end, the reader can find the bibliography and the glossary of terms. The terms

highlighted in blue are clickable and direct the reader to their corresponding definitions in

the glossary.
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Chapter 2

Background and Literature Review

2.1 Credit Risk Assessment

2.1.1 Traditional Credit Scoring Methods

The most prominent traditional techniques used to develop credit scores are:

� linear regression models,

� discriminant analysis,

� logit and probit models, and

� expert judgment-based models.

Edward Altman’s 1968 model, as described in [1], remains a leading model for estimating

the likelihood of a company going bankrupt within the next two years. It can also be modified

to predict defaults.

A widely used expert judgment-based model, known as the Analytic Hierarchy Process

(AHP), is effective in determining the creditworthiness of applicants [17].

2.1.2 AI-Based Credit Scoring Methods

Some of the supervised machine learning techniques include decision trees [3], support

vector machines [3] [46], random forests [3] [46], extreme gradient boosting (XGBoost) [51],

and neural networks. Various neural network (NN) architectures have been employed for this

task, including MLPs [32], CNNs [14], LSTMs [42], Restricted Boltzmann Machines (RBMs)
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[52], and RNNs [4]. Credit risk assessment has also been evaluated using attention-based

deep learning methods and graph neural networks, as demonstrated in [48].

The unsupervised techniques for credit risk evaluation include K-means clustering [30]

and hierarchical clustering [3]. Wang et al. [49] have also employed reinforcement learning

along with variational autoencoders to assess consumer credit risk.

2.2 Graph Databases and Network Analysis in Credit

Risk Evaluation

For credit risk evaluation, Giudici et al., in [20], have used similarity networks of bor-

rowers to improve credit risk accuracy. Relational graph convolutional networks have been

employed to classify the creditworthiness of Indian micro, small, and medium-sized enter-

prises (MSMEs) [31].

Graphs constructed from alternative data sources have also been used for this purpose,

including family relationships, enterprise ownership, etc. [33]. Data from a user’s Facebook

friends [11] and supermarket grocery shopping patterns [27] have also been utilised for this

purpose. Taking this further, Song et al., in [43], have used hypergraphs to address this prob-

lem. Similarly, Óskarsdóttir and Bravo have analysed multilayer networks using a modified

PageRank algorithm [35].

2.3 Data Obtained from Credit Bureau Reports

Financial institutions such as banks and NBFCs are licensed by the Reserve Bank of

India to obtain a person’s past credit information through CICs like Experian. This process

is known as a ‘credit bureau pull’. The data includes the following types of information

about an individual, stored alongside their PAN [38]:

� Account details: A comprehensive list of the consumer’s loans and payment history,

broken down by loan.

� Enquiry details: Information on previous enquiries made by the customer.

� Personal information: Name, date of birth, gender, addresses, telephone and mobile

numbers, etc.
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� Credit score: A score that indicates the likelihood of the individual missing payments

on their loans.

This information helps financial institutions make informed credit decisions. For example,

frequent changes in mobile numbers and addresses raise suspicions. I have used some of this

data to build my networks.

2.4 Use of Alternative Data Sources for Credit Risk

Assessment

Alternative data sources are particularly useful when a customer is considered ‘thin’. For

example, Yu [55] has used customer phone records to predict loan defaults. One’s Facebook

friendships [11] and email usage data [16] can also reveal insights into one’s creditworthiness.

Tracking user transactions may raise privacy concerns, but when accessed ethically, they

can provide valuable insights into a user’s credit risk. For instance, credit card transactions

have been analysed in [10]. Mobile money transactions are also beneficial for assessing credit

risk, as demonstrated by Mhina and Labeau [30]. Debit card transactions were used to

construct customer networks and predict loan defaults in [47]. Another study [56] applied

multiple instance learning to analyse the comprehensive transaction history of applicants,

including data from their credit cards, debit cards, passbooks, and other accounts.

2.5 Address Preprocessing

Previous work on address preprocessing has relied on simple regular expression-based

techniques combined with machine learning. A large volume of data is utilised to calculate

the empirical probability of unigrams and bigrams, which is then used to automatically

identify misspellings (e.g., appartments’), incorrect splits (e.g., bengal uru’), and erroneous

joins (e.g., ‘roadnear’).

The case with Indian addresses is distinct from that of developed countries due to the

following reasons:

� Use of a multitude of local words instead of standard terminology

� Transliteration of regional languages into English along with code-mixing

� Incorrect grammar, punctuation, or formatting
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� Use of landmarks that no longer exist or are located far from the target location (The

average distance between the landmark and the doorstep is around 400 m) [40]

� Inclusion of irrelevant information, such as phone numbers, timings of availability, and

directions to reach the location

A word may be spelt differently due to reasons such as convenience, abbreviations, typo-

graphical errors, and the user’s limited literacy. The sub-regions of an Indian city or town

can take highly irregular shapes depending on population density, road networks, and other

factors [29].

Research on address preprocessing has been conducted by companies like Flipkart Pvt

Ltd [5] and other e-commerce firms, as they possess large datasets of customer addresses.

Such preprocessing techniques have been applied by companies such as Flipkart, Delhivery

Ltd [25], Myntra Designs Pvt Ltd [29], and Swiggy Pvt Ltd [19].

Recognising address elements has been performed using various neural networks, such as

MLP [41], one-dimensional CNN [13], bidirectional GRU NN [28], and the BERT model [57].

However, no publicly available research exists for Indian addresses, as such work is typically

conducted by companies on private datasets that are not shared publicly.

2.6 Unigram Co-occurrence Graphs

Unigram co-occurrence networks have nodes representing unigrams and edges denoting

the co-occurrence of words in a text document. They have been used for tasks such as single-

label [54] and multi-label text classification [53], as well as identifying relationships between

legal texts [45]. However, no work has been observed that uses unigrams from addresses to

create a co-occurrence network.

2.7 Gradient Boosted Decision Trees as Binary Classi-

fiers

Gradient Boosted Decision Trees (GBDTs) are a powerful class of ensemble learning

algorithms that build a strong predictive model by sequentially training decision trees, where

each tree corrects the errors of its predecessors. GBDTs leverage gradient-based optimisation

techniques to minimise the loss function, making them highly effective for classification [18].
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In this work, LightGBM (Light Gradient Boosting Machine), an optimised implementa-

tion of GBDT, was employed [26]. Multiple studies have shown that GBDTs outperform

simpler classifiers, such as logistic regression, support vector machines, decision trees, and

random forests, and yield similar evaluation results as neural networks.

2.8 Evaluation Metrics for Credit Risk Assessment

Most ML models for this task in the literature are binary classifiers. Various metrics

have been used for their evaluation, like accuracy [3] [52], precision [46] [27], recall [27] [46],

F1-score [46] [31] [27], area under the precision-recall curve [20], etc.

The most commonly used metrics are the ROC-AUC (area under the receiver operating

characteristic curve) [51] [32] [42] [4] [48] [20] [31] [33] [11] [27] [43] [16] [47] [56] and the

KS (Kolmogorov-Smirnov) statistic [42], [48], [33], [43]. I have used these for evaluating my

models.

2.8.1 The ROC-AUC Score

This section has information referenced from the user guide of the scikit-learn library

[37].

The ROC-AUC score is widely used to evaluate the discriminatory power of binary clas-

sifiers. It is defined as the area under the receiver operating characteristic (ROC) curve.

Consider a trained binary classifier that predicts test samples as positive or negative.

The sensitivity is the ratio of correctly predicted positives to the total actual positives.

Conversely, specificity is the ratio of correctly predicted negatives to the total actual neg-

atives.

The ROC curve plots sensitivity against 1− specificity at various thresholds. A classifier

that predicts randomly has an area under the curve (AUC) of 0.5, while a perfect classifier

achieves an AUC of 1.0. Thus, a useful model has an ROC-AUC score greater than 0.5 [12].

I have used ROC-AUC as the primary metric for comparing classifiers due to the following

advantages:

� Classifiers typically output class probabilities rather than labels, requiring a threshold

to determine labels. Metrics like accuracy, precision, and F1-score depend on this

threshold, whereas ROC-AUC does not.
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� It facilitates comparison across multiple models trained during the project, and to the

ones mentioned in the literature.

I computed the ROC-AUC scores using the scikit-learn library [37].

2.8.2 The KS Statistic

The Kolmogorov-Smirnov (KS) statistic is a non-parametric measure used to evaluate the

discriminatory power of a binary classifier. It quantifies the maximum separation between

the cumulative distribution functions (CDFs) of the positive (event) and negative (non-event)

classes. [24]

Given a set of predicted probabilities, the CDFs of the positive and negative classes are

defined as:

F1(x) =
1

N1

N1∑
i=1

1{pi ≤ x | yi = 1}

F0(x) =
1

N0

N0∑
i=1

1{pi ≤ x | yi = 0}

where:

� F1(x) is the CDF of the positive (event) class.

� F0(x) is the CDF of the negative (non-event) class.

� 1 is the indicator function.

� pi is the predicted probability for the i-th observation.

� N1 and N0 are the total number of positive and negative observations, respectively.

The KS statistic is then computed as the maximum absolute difference between these

two CDFs:

KS = max
x

|F1(x)− F0(x)| (2.1)

The KS statistic ranges from 0 to 1, where a value close to 0 indicates poor discrimination

between the classes. The value close to 1 suggests excellent model performance, with higher

separation between positive and negative classes.
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2.9 Weight of Evidence and Information Value in Fea-

ture Selection

Weight of Evidence (WoE) and Information Value (IV) are statistical tools used to eval-

uate the predictive power of independent variables, particularly in binary classification prob-

lems. I applied them in the context of credit default prediction.

2.9.1 Weight of Evidence (WoE)

WoE quantifies the strength of a feature in distinguishing between two classes (e.g.,

defaulters and non-defaulters) [2]. It is calculated for each bin of a feature as:

WoE = ln

(
Count of defaulters in bin

Total defaulters
Count of non-defaulters in bin

Total non-defaulters

)
A positive WoE suggests a higher proportion of defaulters, while a negative WoE indicates

the opposite. WoE creates a linear relationship between the predictor and the log odds of

the target, benefiting binary classification models.

2.9.2 Information Value (IV)

IV aggregates WoE across bins to quantify a feature’s overall predictive power. It is

computed as:

IV =
∑
i

[(
Defaulters in bin i

Total defaulters
− Non-defaulters in bin i

Total non-defaulters

)
×WoEi

]

Interpretation of IV Values

IV values guide feature selection based on predictive strength:

IV < 0.02 : Not predictive

0.02 ≤ IV < 0.1 : Weak predictive power

0.1 ≤ IV < 0.3 : Medium predictive power

0.3 ≤ IV < 0.5 : Strong predictive power

IV ≥ 0.5 : Suspicious or overfitting
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These thresholds aid in determining which variables to retain for improving model per-

formance.

2.10 Performing Out-of-Time Testing

Evaluating machine learning models requires assessing their generalizability and robust-

ness under real-world conditions. In-time testing often fails to capture a model’s ability to

generalise to unseen future data. This limitation is especially critical in financial domains,

where loan default rates are influenced by evolving factors such as economic conditions,

regulatory policies, interest rates, and seasonal variations.

Out-of-time (OOT) testing mitigates this concern by evaluating model performance

on data from a different, later time period than the training data. This approach simulates

real-world scenarios and ensures that the model’s predictive power remains stable over time.

Given the temporal dependencies in credit risk modeling, OOT testing helps prevent reliance

on patterns that may not persist in future periods.

To ensure reliable credit decisioning, I incorporated OOT testing in addition to in-time

testing for all models [23].

26



Chapter 3

Methodology

3.1 The Target Variable

The objective of this project is to identify applicants who are most likely to default on

a loan. The exact definition of default is variable, depending on the number of days after

the EMI due date for which the debtor has not paid their EMI. This number will be referred

to as DPD hereafter. For example, in fintech terminology, a person is said to have gone

‘DPD84’ if 84 days have passed after their due date without any payment of dues. Various

levels of defaults are generally considered, such as DPD25, DPD54, DPD84, DPD180, etc.,

and different actions are taken against defaulters by the lender.

Definition 3.1.1. The maximum DPD value of a person within 8 months of application

is termed their maximum bad rate.

Very low default rates in a population are challenging to predict. A window of 8 months

provides the population sufficient time to produce an appreciable default rate. Using an

indicator variable transforms this into a classification problem, referred to as the perfor-

mance bad rate. The value of 25 was chosen as it is the smallest DPD value that makes

practical sense on a monthly basis.

Definition 3.1.2. The performance bad rate:

bad rate perf =

{
1, if maximum bad rate > 25

0, if maximum bad rate ≤ 25

This is the target variable to be predicted by binary classifiers.
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3.2 The Input Data

The organisation has provided anonymised datasets for analysis. This dataset has infor-

mation about a particular subset of customers of interest to the organisation. It comprises

the following components:

1. UCID: A string that serves as a unique identifier for each customer across different

tables.

2. Data from a Person’s Bureau Records:

(a) Phone Numbers: Dummy entries were removed by ensuring that each phone

number consists only of digits, is of length 10, and starts with either 6, 7, 8, or

9. Since the customers are from India, the country code +91 is ignored. These

phone numbers are hashed to safeguard customer privacy.

(b) Email IDs: Dummy entries were removed by ensuring that each email ID con-

tains the symbol @. Entries such as null@null.com, nomail@notavailable.com, etc.,

were discarded. Similar to phone numbers, these are hashed to protect customer

privacy.

(c) Customer Properties: Attributes such as the customer’s application date, bu-

reau score, etc.

(d) Bureau Addresses: These addresses are sourced from a person’s bureau records.

The digits and ordinals in the addresses are removed to ensure that customers are

not personally identifiable. The pin codes are retained as they are essential for

downstream tasks. These addresses were not hashed.

3. KYC Addresses: These addresses are sourced from the KYC (Know Your Customer)

procedure. Similar to the bureau addresses, the digits and ordinals in the addresses are

removed, but the pin codes are retained. Since the KYC addresses are sourced from

identification documents, each customer has a unique KYC address. These addresses

were not hashed.

4. Performance Bad Rate (bad rate perf )
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3.3 Personal Identifier based Networks

The configuration of AWS Neptune allows for the creation of different types of edges and

nodes, enabling the execution of specific queries. Therefore, if one intends to create nodes

where the nodes represent UCIDs, and the edges represent shared phone numbers or email

IDs, it is logical to load one type of node and different types of edges. This is precisely the

approach I have adopted.

3.3.1 Phone number network

A directed network was developed in Neptune where the nodes are represented by UCIDs,

as depicted in Figure (3.1). An edge exists between two nodes if a common mobile number

is present in the bureau records of the two individuals. The direction is determined by the

application dates — from the person who applied later to the person who applied earlier.

Considering the application dates is essential to prevent the model from utilizing future data

to predict past outcomes.

This graph is configured to exclude self-loops and nodes with a degree of zero. Multiple

edges can exist between two nodes if multiple mobile numbers are shared between the two

customers.

Even when the number of records is in the millions, the resulting graph has a relatively

small number of nodes and edges due to the following reasons:

� To incorporate only those individuals who have been approved for credit by Axio and

possess a non-null value of bad rate perf

� to incorporate only customers who have at least one neighbor in the graph

Node and edge attributes

The attributes of the nodes are as follows:

1. The application date.

2. The customer’s bureau score at the time of application.

3. An indicator variable for whether the customer’s maximum default rate on any of their

loans from other lenders exceeds DPD 25 (bad rate feat).
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4. The highest past credit limit (max credit limit ever) allotted to the applicant by other

lenders.

5. An indicator variable specifying whether the person currently uses or has ever used a

credit card (cc flag).

The only attribute on the edge is the shared phone number. These particular attributes

were chosen because they are readily available for both thick and thin customers and remain

stable over time.

Figure 3.1: Calculating features for a person with three neighbours in mobile number network
(the values are representative)

Features used to predict the bad rate perf

For each node n, I calculated the average of attributes 2 to 5 of its out-neighbours

(neighbours connected with an outward-directed edge). A node’s ‘phone number degree’ and

‘email ID degree’ are also used as features. See Figure (3.1). Although features involving

neighbours of neighbours were devised, they were not utilised due to insufficient resources.

These averaged features are used to predict bad rate perf using GBDT classifiers. Refer to

figure (3.2).
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3.3.2 Email ID network

Similar to the network described in Section (3.3.1), I developed a directed network where

the nodes are the same as before (defined by UCID). An edge exists between two nodes if

a common email ID is present in the bureau records of both individuals. The direction is

again determined by the application dates. This graph is configured to exclude self-loops

and nodes with a degree of zero. Multiple edges can exist between two nodes if multiple

email IDs are shared between the two customers.

Node and edge attributes

The attributes of the nodes are identical to those used in the phone number network.

The only attribute on the edge is the shared email ID.

Features used to predict the bad rate perf

The same features as in the phone number network are used to analyze this network.

3.3.3 Selecting features for training classifiers

After computation, each feature is divided into 5 roughly equal-sized bins. The Informa-

tion Value (IV) is then calculated (see Section 2.9), and only the features with an IV between

0.02 and 1.00 are retained. Subsequently, features with a Spearman correlation [44] of less

than 0.8 are selected for training the GBDT classifiers. These values were chosen from rules of

thumb. Optimal model parameters are determined using randomised search cross-validation

through the Scikit-learn library [37]. This process was performed three times:

1. Using only the phone number-based features.

2. Using only the email ID-based features.

3. Using both sets of features.

It is also important to note that classification using this method is possible only for cus-

tomers who already have connections present in the network. Therefore, customer coverage

is defined as follows:
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Figure 3.2: The pipeline for developing the PI network-based classifiers

Definition 3.3.1. The Customer Coverage of the PI network model for a particular

time period is defined as:

Coverage =
Number of customers for whom PI-network classifiers can generate results

Total number of customers for whom bad rate perf is available

Higher values of coverage and higher ROC-AUC scores for the classifiers are desirable.

3.3.4 Out-of-time testing

It is essential to perform ‘out-of-time’ testing. See Figure (3.3). A classifier is consid-

ered robust if it performs well during out-of-time testing.

After conducting network analysis and experimenting with AWS Neptune, I opted to use

NetworkX [22] for out-of-time testing to standardise the procedure for proper evaluation and
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Figure 3.3: The out-of-time testing pipeline for PI networks

cost calculation.

Two different PI networks were created:

1. One constructed using January 2023 data, with connections to the 2020–2022 data.

This will be referred to as the jan-network.

2. Another constructed using January and February 2023 data, with connections to the

2020–2022 data. This will be referred to as the jan-feb-network.

Both networks were subsequently updated three times, incorporating data from the fol-

lowing three months one by one for out-of-time testing. New nodes and edges were added

each time a new month’s dataset was included. As expected, the number of nodes and edges

increased over time by approximately 17% and 13% per month, respectively. See Figure

(3.4).

3.4 Pin code-wise Address Clustering

Within a particular pin code region, different localities may exhibit varying loan per-

formance patterns. I aim to capture these variations using only the address text, without

relying on geospatial data or satellite imagery. The goal of this exercise is to create an
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(a) The number of nodes increases with time (b) The number of edges increases with time

Figure 3.4: The network size increases with time

‘address cluster’ network, where two UCIDs have an edge if any of the addresses associated

with the customer fall into the same cluster.

I used bureau reports to obtain multiple addresses for each customer, as these reports

typically provide more than one address per individual. This approach offers a broader

perspective on a person across their various addresses. In contrast, KYC records usually

contain only one address per person. See Figure (3.5).

For each pin code under consideration, a separate clustering model is trained. Subse-

quently, for a test address, the cluster to which it belongs is predicted. Based on the identified

cluster, features are generated for the address. These features are then aggregated for all

addresses associated with a person and are ultimately utilised to train classifiers. Refer to

Figure (3.6) for an overview of the entire pipeline.

3.4.1 Address Preprocessing and Embedding Generation

The following preprocessing steps were performed for each address:

1. Retain addresses containing more than three words.

2. Convert all words to lowercase.

3. Remove multiple spaces, phone numbers, PINs, and duplicate words.

4. Remove state and union territory names using normalised Levenshtein distance [6], as

they are redundant for clustering.
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Figure 3.5: A representative example of clustering the addresses in a particular pin code
region into clusters of different loan performances (the values are synthetic)

5. Retain valid pin codes by referring to the pin code dataset available on the Open

Government Data platform, maintained by the Government of India [34].

6. For each UCID and pin code, retain the longest address string, as it is likely to contain

the most information about the address location.

Only those pin codes that contain more than 50 distinct addresses are retained to ensure

that there are sufficient addresses in each pin code for the clustering algorithm to learn

effectively.

To enable the clustering algorithm to process the addresses, they are converted into em-

beddings. Using one of HuggingFace’s (huggingface.co) multilingual LLM models [39],

specifically paraphrase-multilingual-MiniLM-L12-v2, I have generated 384-dimensional

embeddings. This model was chosen because it is a lightweight model capable of understand-

ing English, Hindi, Gujarati, Marathi, Urdu, and other Indian languages, enabling a richer

representation of the addresses.

3.4.2 Clustering Addresses

In addition to k-means clustering, I experimented with various clustering algorithms,

including bisecting k-means clustering, DBSCAN, HDBSCAN, spectral clustering, and ag-

glomerative clustering. Additionally, dimensionality reduction from 384 to 128 dimensions
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Figure 3.6: The address clustering pipeline

using PCA (Principal Component Analysis) was explored for each of these algorithms.

It was observed that HDBSCAN without compression performed the best in terms of

silhouette scores. However, I chose to proceed with k-means clustering, with k set to 3, due

to the following reasons:

� All hierarchical clustering algorithms require a large amount of computational re-

sources.

� I aimed to avoid marking any address as noise, but several of these algorithms identified

some addresses as noise.

� These algorithms generate a different number of clusters for different pin regions, which

hinders comparisons across pin codes.

The addresses are then randomly divided into three sets. This split is performed carefully

to ensure that there are no common UCIDs in the splits, while ensuring that the same pin

codes are present in all three.
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1. Cluster Formation Dataset (50% of the total): These addresses are used to train

the clustering algorithm. A separate model is trained for each pin code region, and the

parameters are stored in a file for subsequent steps.

2. Dataset for Calculating Cluster Bad Rate (40% of the total): For each ad-

dress in this dataset, clustering is performed using the previously trained models. A

bad rate perf value is available for each customer. The mean of these values is calcu-

lated for each cluster, referred to as mean pred bad rate .

3. Test Dataset (10% of the total): For a given address in this dataset, a cluster is pre-

dicted using the same fitted model, and the corresponding cluster’s mean pred bad rate

is assigned to the address.

3.4.3 Calculating Features

There are multiple addresses for each UCID. For a given UCID, I calculate the following

features for all clusters the UCID’s addresses have been predicted in.

1. The minimum of the mean pred bad rate

2. The mean of the mean pred bad rate

3. The maximum of the mean pred bad rate

These three features are used to predict the UCID’s bad rate perf . Since only three

features are used, IV calculation and feature selection are skipped. I calculate the ROC-AUC

of these features with bad rate perf. If the results are satisfactory, classifiers are trained.

3.4.4 Evaluating if Clustering is Necessary at All

To evaluate whether clustering improves results over using only pin codes, the same

process was conducted without clustering. The steps were:

1. The quantity mean pin bad rate was calculated by taking the mean of the train

addresses’ bad rate perf for each pin code.

2. Similar to clustering, for a given UCID, I take the minimum, mean, and maximum

of mean pin bad rate for all pin codes associated with the UCID’s addresses. These

features are used to predict the UCID’s bad rate perf .
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Figure 3.7: The out-of-time testing pipeline for address clustering

3. If these features’ predictive power is worse than that of the clustering-based features,

this implies that clustering enhances the prediction of bad rate perf.

3.4.5 Out-of-Time Testing

Refer to Figure (3.7).

3.5 Address Unigram Co-occurrence Graph for Risk

Prediction

The intuition behind this graph is to score locations in a region based on the loan per-

formance of people living nearby. For example, if the mean bad rate perf of customers living

near a particular mall or school is higher than usual, this model can identify the pattern

and predict a higher default probability for addresses mentioning that landmark. See Figure

(3.8) for the model pipeline.
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3.5.1 Address Preprocessing

With assistance from my colleagues at Axio, I performed the following preprocessing

steps on the addresses:

1. Retain addresses longer than 3 words.

2. Extract pin codes from addresses if present and populate them in the pin code column

if missing.

3. Validate pin codes using the Indian government’s official pin code dataset in [34].

4. Convert all words to lowercase.

5. Remove special characters, pin codes, repeated words, multiple commas, extra spaces,

and spaces around hyphens.

6. Remove state/union territory names using normalised Levenshtein distance [6], as they

are not relevant for credit risk prediction.

7. Merge adjacent tokens if the empirical probability of the compound token is higher

than that of individual tokens.

8. Split a token into two using the following method:

(a) Form a list of unique bigrams occurring across all addresses in the corpus.

(b) Identify the bigram with the highest normalised Levenshtein similarity to the

token.

(c) Compute the normalised similarity between the bigram and the token based on

the longest common subsequence.

(d) If either similarity exceeds pre-defined thresholds, split the token into the bigram.

Misspelling correction could not be performed as it requires the leader clustering algo-

rithm described in [5], which is resource-intensive.
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Figure 3.8: The address unigram co-occurrence graph pipeline

3.5.2 Entity Tags Assignment

The following component tags are identified for each unigram in the cleaned addresses,

with assistance from my colleagues at Axio. This list was chosen because, during KYC at

Axio, these tags are automatically assigned. However, many columns contain null and empty

values.

1. Care of: Refers to the name of a resident of the house, often indicated by c/o (care

of), s/o (son of), d/o (daughter of), w/o (wife of), etc.

2. House number: Includes unigrams related to the flat, wing, apartment, society, or

colony name.

3. Road/street name.

4. Locality: Covers phases, sectors, nagars, and other subdivisions of a district.

5. Landmark: Indian addresses often mention landmarks such as banks, temples, schools,

colleges, squares, and bridges.

6. Post office: More relevant for rural and suburban addresses.
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7. VTC (village/town/city).

8. Sub-district.

9. District.

All words tagged as Care of, which do not contribute to credit risk prediction, were re-

moved. Due to the high presence of null and empty values, an automatic tagging mechanism

was required.

Initially, I trained a BERT [15] model on the cleaned addresses and the labelled dataset

using Hugging Face [21] and PyTorch [36]. However, its performance was suboptimal (F1

score: 0.608, Accuracy: 0.755). Later, a colleague at Axio improved this model significantly,

and it was used to tag addresses with missing labels.

Note that the same word may appear under different tags in different addresses, e.g.,

‘Gandhi Colony’ and ‘Gandhi Nagar.’ To account for this, a dictionary was created for each

unigram, assigning tags as keys and the frequency of occurrence under that tag across all

addresses as values. This is referred to as the ‘tag profile’ of the unigram, with the values

normalised to sum to 1. For example, the tag profile for ‘bangalore’ (the former name of

Bengaluru) looks like:

house number = 5.7422× 10−5

street = 0.0014

landmark = 0.0016

locality = 0.0044

vtc = 0.5169

post office = 0.0014

sub district = 0.1037

district = 0.3706

Ideally, the highest values in the tag profile should appear under vtc, sub-district, and

district, with zero for other tags. However, small values are often observed for other tags due

to both non-standard address formats and occasional misassignments by the NER model.

Based on this dictionary, a ‘most common tag’ is also assigned to each unigram.
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3.5.3 Creating the Graph

There are two approaches to create the edges of the graph:

1. Using unigram co-occurrence in addresses:

� For every bigram in an address, if no edge exists between the nodes representing

those two words, an edge is added with weight 1.

� If an edge already exists, the weight is incremented by 1.

2. Using a random walk on an address:

� The parameters number of walks and walk length are set.

� Given a cleaned address, a random walk of length walk length is performed over

the unigrams with a uniform probability distribution.

� Edges are added between adjacent unigrams encountered in the random walk.

� This process is repeated number of walks times.

For example, a random walk on the synthetic address: ‘plot no 42 sindh society

aundh pune city near ncl campus’ with walk length = 10 can produce an output such

as: ‘aundh, plot, pune, sindh, pune, plot, campus, west, society, ncl’.

The second method generates a much denser graph with higher edge weights. While

this approach produces similar results, the resulting graph occupies more disk space and

takes longer to traverse and generate features. However, this method is more useful for

downstream tasks where the order of words in the address does not matter. Since I worked

with KYC addresses, which have well-ordered elements, I opted for the first method. The

resulting network is similar to the illustration in Figure (3.9).

3.5.4 Cleaning the Graph

After removing self-loops and edgeless nodes, a large number of high-weight edges re-

mained, which skewed the distribution. To address this, three methods were employed:

1. Triangle-based Cleaning:

(a) Nodes with a degree above a certain threshold were identified.

(b) All triangles formed between these high-degree nodes were considered.
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Figure 3.9: A representative example of the address unigram co-occurrence graph with node
and edge attributes

(c) For each such triangle, the edge with the highest weight was removed.

2. Density-based Cleaning: This method is similar to the triangle-based approach.

(a) The clustering coefficient was calculated for every node in the graph.

(b) If the coefficient was above a certain threshold, edges incident to the node were

removed if their weight exceeded a predefined limit.

3. Edge Reweighing Using Node Frequencies: This method was applied only when

the edge weight exceeded a pre-defined threshold. The intuition behind this approach

is that edges with high weights typically occur between high-frequency nodes, and their

weights can be scaled down using these frequencies. To avoid drastic reweighing, the

weight was adjusted using the average of the logarithm of the ratios of N and the

unigram frequencies, where N is the maximum unigram frequency, scaled down by a
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3.5.5 Generating Features

An average default rate was assigned to all nodes based on their occurrence in the ad-

dresses of defaulters and non-defaulters. Similarly, an average default rate was assigned to

each edge based on the occurrence of the bigram formed by the edge’s endpoints. Several

additional features were considered, such as the graphlet degree vector and features involving

neighbours of neighbours of a unigram. However, these features were not computed due to

limited resources.

The following features were generated for each address.

1. The weighted mean of the frequency/pagerank/node default rate over the address

unigrams

2. The weighted mean of the edge default rate over the address bigrams

3. The weighted mean of theweighted degree centrality or the clustering coefficient

over all the unigrams

4. Bigram common neighbour default rate: (Figure 3.10)

(a) For every address bigram and weight types wt1 and wt2, calculate the weighted

mean of the node/edge default rate of their common neighbours using weights

wt1.

(b) Take the weighted mean over all the bigrams using wt2.
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Figure 3.10: Calculating the bigram common neighbour default rate for each address

Figure 3.11: Calculating the address tag count profile prediction for each address

5. Address tag count profile prediction: (Figure 3.11)

(a) Count the number of times each tag appears in the most common tag for each

unigram. This creates an ‘address tag count profile’ for each address, which is
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stored as a dictionary.

(b) Then use the dictionary values to predict the default rate of that address using a

simple logistic regression.

(c) The prediction probability is outputted as a feature.

Figure 3.12: Calculating the most common tag profile prediction for each address

6. Most common tag profile prediction: (Figure 3.12)

(a) For a unigram and a weight type, consider the most common tags of its neighbours.

(b) Take a weighted sum over all unigrams to give an ‘address most common neighbour

tags dictionary’.

(c) Then use the dictionary values to predict the default rate of that address using a

simple logistic regression.

(d) The prediction probability is outputted as a feature.

7. Specific tags neighbour default rate: (Figure 3.13)

(a) Given two entity tags tag1 and tag2 and two weight types wt1 and wt2, consider

only those unigrams from the address having their most common tag as tag1.

(b) Then for each of these unigrams, its neighbours are considered, having their most

common tag as tag2.
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Figure 3.13: Calculating the specific tags neighbour default rate for each address

(c) Take the weighted mean of the default rates of these specific neighbours for each

such unigram using wt1

(d) Consider the weighted mean of these means using wt2.

Figure 3.14: Calculating the specific tags unig default rate for each address

8. Specific tag unigram default rate: (Figure 3.14)

(a) For a given tag and a weight type wt, consider only those unigrams with their tag

profile value above a pre-decided tag threshold.

(b) For these unigrams, take the double weighted mean of the default rate, weighted

using both the tag profile value and the weights.

Weights

In the descriptions above, I mean any of the following by weights, as suitable:
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1. the node frequency

2. the node pagerank

3. n/(node frequency), where n is the maximum of the unigram frequencies

4. 1/(node pagerank)

5. the edge weight

6. 1/(edge weight)

Feature type Comments Total
Mean node bad rate One for each weight 5
Mean edge bad rate One for each weight 3
Frequency One for each weight 5
Pagerank One for each weight 5
Weighted Degree Centrality One for each weight 5
Clustering Coefficient One for each weight 5
Bigram common neighbour de-
fault rate

One for each of 3 edge weight
types and each of 5 node weight
types

15

Address tag count profile predic-
tion

One for each weight 6

Most common tag profile predic-
tion

One for each weight 5

Specific tags neighbour default
rate

8 inner weights × 5 outer weights
× 8 unigram tags × 8 neighbour
tags

2560

Specific tags unigram default rate 5 weights × 8 tags 40
Total 2654

Table 3.1: Counting the total number of features that can be computed for each address

3.5.6 Feature Selection

As shown in Table (3.1), thousands of features can be computed for an address. However,

some of these features require significant computational time, and others may have near-

identical values across all addresses. As a result, the practically useful features are far fewer.

After computation, as done previously for the PI-networks, each feature is divided into 5

roughly equal-sized bins. The Information Value (IV) is then calculated, and only features
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with IV between 0.02 and 1.00 are retained. Following this, features with a Spearman

correlation [44] greater than 0.8 are removed. This drastically reduces the number of selected

features.

Gradient boosted decision trees (GBDTs) are then built using these selected features.

Hyperparameter tuning is performed using the randomized search cross-validation technique

available in the Sci-kit Learn library [37].

3.5.7 Developing Separate Networks for North, Central, and South

India

Customer behavior analysis has shown that dividing the country into North, Central,

and South India reveals distinct address patterns in different regions. This division can be

achieved using the first digits of the PIN code. However, to ensure comparability of results,

the number of addresses considered for each region must be of the same order of magnitude.

Around 887 thousand addresses were sampled to develop the entire India graph.

Region PIN’s
first digit

Sampled
Addresses

States and Union Territories

North
India

1, 2 869 k Himachal Pradesh, Jammu and Kashmir,
Ladakh, Delhi, Haryana, Punjab, Chandi-
garh, Uttar Pradesh, Uttarakhand

Central
India

3, 4, 7, 8, 9 948 k Gujarat, The Dadra and Nagar Haveli
and Daman and Diu, Rajasthan, Telan-
gana, Chhattisgarh, Maharashtra, Madhya
Pradesh, Goa, Assam, Meghalaya, Manipur,
Mizoram, Nagaland, Tripura, Arunachal
Pradesh, Odisha, West Bengal, Andaman
and Nicobar Islands, Sikkim, Telangana,
Jharkhand, Bihar

South
India

5, 6 924 k Andhra Pradesh, Telangana, Karnataka,
Puducherry, Kerala, Tamil Nadu, Lakshad-
weep

Table 3.2: Using PIN’s first digit to divide India into regions

Therefore, I also created separate networks for different regions of India, using the divi-

sions shown in Table (3.2). The sizes of these networks are mentioned in Table (3.3). The

same steps applied to the entire India graph were also performed on these regional networks.
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Certain words appear more frequently in addresses from specific regions than in addresses

across the country. For example, ‘kovil’, the transliteration of the Tamil word for temple,

is common in addresses in South India but rare nationwide. Developing a country-wide

network reduces the frequency and PageRank of such region-specific words compared to

commonly used words like ‘road’ or ‘near,’ which occur uniformly across India. In addition

to this advantage, region-wise networks also allow for faster feature computation due to fewer

nodes and edges to traverse.

Region Normalised num-
ber of nodes

Normalised num-
ber of edges

North India 0.284 1.381
Central India 0.461 2.109
South India 0.504 1.838
Entire India 0.575 2.254

Table 3.3: Sizes of the address unigram co-occurrence networks, normalised by the number
of addresses used

Figure 3.15: The out-of-time testing pipeline for AUC networks

3.5.8 Out-of-Time Testing

I performed out-of-time testing for three subsequent months to evaluate whether the

model can extrapolate its learning to customer addresses that apply later in time. See
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Figure (3.15). Similar to the PI-networks, the graph size updates with the addition of new

addresses each month.

Figure (3.16) shows that the graph sizes for North India are smaller. One possible reason

is the lower linguistic diversity in this region compared to the other two regions. Conversely,

the graph sizes are larger for South India due to higher language diversity.

(a) Number of nodes increase with time (b) Number of edges increase with time

Figure 3.16: The AUC graph size increases with time

3.6 Comparing with the Standalone Models

Among the models described earlier, the best-performing ones were compared with the

standalone model developed on the same dataset to understand their true usefulness. If the

results of my models are highly correlated with those of the standalone models, it implies

that they are not adding much additional value.

In order to compare, a new model, similar to the organisation’s existing model, was cre-

ated with the available sample of the customer population. The features used were calculated

from bureau reports at the time of the application. These are the traditional features and

not the ones obtained from networks. The binary classification model was built with the

same target variable with an out-of-time ROC-AUC score of 0.60.

Since the network-based classifiers are GBDT classifiers, they produce predicted default

probabilities as floats between 0 and 1. The standalone model also outputs in the same

format. To compare the models:
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1. Both the ‘network scores’ and ‘existing scores’ were binned into 5 equal-sized bins

based on the number of customers in each bin.

2. The population used for comparison consisted of customers who applied 1 to 3 months

out-of-time.

3. Two pivot tables were created, where:

� Each row corresponds to the existing score bins.

� Each column corresponds to the network score bins.

4. The number of customers in each combination of bins was counted.

5. The mean of the bad rate perf for the customers falling in each combination of bins

was calculated.

These tables provide insights into how differently the two models characterise the cus-

tomers.

3.7 Predicting for Thin Customers

The best-performing models were also used to predict the default status of the thin

customers. Their true default status was compared with the predictions. A high value of

the ROC-AUC score indicates that the model performs well for the thin population as well

— an area where the standalone models have shown limitations.
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Chapter 4

Results

4.1 Results of PI network based classifiers

Recall that two PI-networks were created: one using data from January 2023, and the

other using data from both January and February 2023. Subsequently, both networks were

updated thrice by incorporating data from the next three months. These two networks will

henceforth be referred to as the jan-network and the jan-feb-network, respectively.

Figure 4.1: Customer Coverage of PI-based networks
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4.1.1 Customer coverage

As defined in Definition (3.3.1), the classifiers built on in-time data exhibit a customer

coverage of approximately 7%. When the network is updated to include out-of-time cus-

tomers, the coverage decreases to around 5%. The jan-feb-network generally demonstrates

higher coverage compared to the corresponding jan-network. See Figure (4.1).

Figure 4.2: The ROC-AUC scores are satisfactory for phone number network based classifiers

4.1.2 PI-Network Classifiers’ ROC-AUC Scores

Figure (4.2) presents the ROC-AUC scores of the GBDTs trained on the PI-network

features. The scores for the jan-feb-network are generally higher than those for the jan-

network, with the effect being most pronounced in the phone number networks. Thus,

incorporating more customers into the networks proves to be beneficial.

Comparing the figures reveals that the GBDT models trained using phone number net-

works produce similar results for in-time and out-of-time test datasets. This, however, is

not true for the other GBDT models. Thus, phone number-based GBDT models exhibit ro-

bustness to real-world variability in the input data. The ROC-AUC score of approximately

0.62 indicates that these models can be useful when used in conjunction with the standalone

models at Axio.
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Figure 4.3: The KS statistics are the highest for phone number network based classifiers

4.1.3 PI-Network Classifiers’ KS Statistics

Since the phone number network based classifiers show appreciable predictive power,

their KS values were calculated for different input months. They were also compared with

the other PI-classifiers from both jan-network and jan-feb-network.

Refer to Figure (4.3). It shows the KS statistics from the jan-feb-networks is, for most

of the cases, higher than the corresponding values from the jan-network. This again shows

that adding more data to the PI-networks increases the ability of the model to distinguish

correctly between the two classes.

Another observation to note is that the values for the phone-number network are the

highest among the three kinds of networks, both for jan-network and jan-feb-network. This

trend is similar to the one observed from Figure (4.2) for ROC-AUC. However, unlike before,

the values degrade over time.

The corresponding KS plots, 24 in number, have not been added for brevity. Thus,

phone number-based GBDT models perform better than the other models in terms of the

distinguishing ability between the defaulters and the non-defaulters.
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4.1.4 Explaining the output for the Email ID Network classifiers

The primary reason for the disparity between the phone-number networks and email ID

networks is that the email ID used by most people for their loan applications is not their own

but that of their loan provider. Those who regularly use their personal email ID do provide

it, but they are in the minority. Some of the most common email IDs on the network edges

are organisation-level email IDs, which follow the format:

� care@some finance company.in,

� asset.customer@some bank.com,

� customer care@some bank.org, etc.

As a result, customers who do not have a real-life acquaintance can also be neighbours

in the email ID networks. In conclusion, making inferences about a person based on others

who share the same email ID in past loan applications is difficult, which explains the poor

performance of the email ID network.

On the other hand, loan applicants typically provide phone numbers belonging to them-

selves, their family members, neighbours, flatmates or friends. Consequently, making in-

ferences about a person based on others who share the same phone number in past loan

applications is relatively easier, which accounts for the better performance demonstrated by

the phone number network.

The features obtained from both networks, however, do not perform well. This is again

attributed to the prevalence of organisation-level email IDs. In both the jan-network and

the jan-feb-network, approximately 80% of the edges are of type ’email ID’, while only 20%

of the edges are of type ’phone number’.

To conclude, phone number network-based classifiers are advantageous for Axio in

identifying customers who are likely to default in the future.

4.2 Results of Pin code-wise Address Clustering

The clustering was performed on data from January 2022 to May 2023. The ROC-AUC

score for the three features on the in-time test data is approximately 0.6620. However, as

shown in Figure 4.4a, the corresponding value for using pin codes without any clustering is
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(a) Clusters vs pincodes for in-time testing (b) Cluster performance in out-of-time testing

Figure 4.4: Was address clustering any useful?

0.6612. These two values are comparable, implying that the entire process of preprocess-

ing the addresses, selecting the pin codes, embedding them, clustering them, and creating

features for each user was futile.

As depicted in Figure 4.4b, the out-of-time testing performance deteriorates over time,

with values approaching 0.5, which is the ROC-AUC score of a random classifier.

In conclusion, pin code-wise clustering of the addresses generates features that are ac-

ceptable for in-time testing but not remarkable. The technique, however, fails in out-of-time

testing. Consequently, classifiers were not trained, and ROC-AUC scores and KS statistics

were not calculated.

4.3 Results of Credit Risk Analysis Using AUCGraphs

Some features defined for the AUC graphs require a significant amount of time to be

calculated, and hence, they were not computed for all the weights and tags. Among the cal-

culated features, those with low Information Value (IV) and high correlation were removed.

Region PIN’s first digits Addresses Selected Features
Entire India 1 to 9 887 k 17
North India 1 and 2 869 k 12
Central India 3, 4, 7, 8 and 9 948 k 12
South India 5 and 6 924 k 16

Table 4.1: Sizes of the AUC graphs
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Figure 4.5 shows that the in-time ROC-AUC scores are acceptable, if not remarkable.

The scores for region-wise classifiers are better than those for the entire nation, as suggested

by other models at Axio. Thus, using region-wise graphs proves to be more beneficial.

However, the out-of-time ROC-AUC scores are close to 0.5, which corresponds to the score

of a random classifier. In conclusion, these models are not useful for real-time customer

classification. So, the KS values were not calculated.

Figure 4.5: ROC-AUC scores of GBDTs trained on features from different Indian regions

4.4 Comparison with the Standalone Models

The phone number-based classifier has shown appreciable results in terms of ROC-AUC

and KS. Therefore, its scores were compared with the standalone models at Axio to generate

two pivot tables, as described in Section 3.6. Recall that the two scores were binned into five

bins of equal size. Figure 4.6 presents their heatmaps, where both types of bins are labeled

from 0 to 4, in increasing predicted probability of default.

As shown in Figure 4.6a, most of the customers fall along the main diagonal (top-left to

bottom-right), indicating that the two scores classify customers in a similar manner. The
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mean bad rate perf in Figure 4.6b increases from the top-left to the bottom-right. This

suggests that the predictions of the two models are aligned with their true bad rate perf .

Another noteworthy detail is the bottom-left cell of the heatmap in Figure 4.6b. These

customers are classified as high-risk by the standalone model but as low-risk by the PI-

network model. Such customers would be denied credit if the standalone model were utilised.

However, since their mean bad rate perf is significantly lower than that of the population,

they can be safely granted credit. This insight was solely discovered through the use of the

phone number network-based classifier. Therefore, it can be effectively used in conjunction

with the standalone model to extend credit to a larger customer base.

4.5 Prediction for Thin Customers

The proportion of thin customers is quite low. As mentioned in Subsection 4.1.1, the

customer coverage of PI networks is also quite low. Consequently, most thin customers have

no neighbours in the phone number networks. As a result, calculating the ROC-AUC score

for such a small subset of customers does not provide meaningful insights into the predictive

power of the model, and thus, it was not performed.

The current graph was constructed using 38 months of data. If a larger dataset were

used, it would be possible to generate satisfactory predictions for thin customers. However,

in such cases, one may encounter a shortage of computational resources.
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(a) The number of customers in each bin combination

(b) The mean bad rate perf of customers in each bin combination

Figure 4.6: Comparing the PI-phone number network based classifier with the standalone
classifier
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Chapter 5

Conclusion and Future Directions

This project involved utilising the personal information of consumers to predict loan

default. The use of shared mobile numbers has demonstrated good predictive power on both

in-time and out-of-time test datasets. However, the proportion of customers for whom the

classifier produces a prediction remains relatively low. The use of shared email IDs, however,

is not as effective.

The phone number network-based classifiers can be used alongside the standalone clas-

sifier to extend credit to a larger customer base. Thus, this model is more inclusive than

models that consider only traditional variables. However, the model is unable to predict

outcomes for thin customers due to its limited customer coverage.

It is challenging to directly cluster addresses from a pin code region into different localities

based solely on their text embeddings. The features generated for each individual, based

on their inferred localities, predict loan performance effectively in in-time testing but not as

well in out-of-time testing.

The development of address unigram co-occurrence graphs yields acceptable, though not

remarkable, in-time testing results. However, these graphs fail in out-of-time testing. Better

results could be achieved by allocating more resources for the calculation and selection of

features.

Overall, this project demonstrates that graph-based features possess predictive power

and can complement features derived from other sources to provide accurate predictions of

loan performance for Axio’s customers. However, further development is required to address

the shortcomings of these models.
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5.1 Future Directions

5.1.1 PI-Network Classifiers

� A natural language processing-based classifier can be developed to classify bureau

emails into personal and organisational emails. Subsequently, email ID networks can

be created using only personal emails.

� A larger dataset, spanning multiple years, should be used to construct the network to

obtain richer features.

� Additional features, beyond those described here, can be devised.

� Neural network classifiers can be developed to utilise the features extracted from phone

number and email ID networks.

5.1.2 Pin Code-wise Clustering of Addresses

� The techniques applied to preprocess KYC addresses, such as splitting, joining, and

correcting misspellings, can also be applied to bureau addresses before performing pin

code-wise clustering. Since bureau addresses are more irregular than KYC addresses,

careful implementation would be essential.

� Geospatial data can be incorporated to complement the address text data. This ap-

proach may result in clusters that more closely align with actual localities.

� Additional features, apart from the three used here, can be formulated.

5.1.3 Address Unigram Co-occurrence Graph-based Classifiers

� Commonly occurring bigrams and trigrams can be included as nodes to expand the

scope of the graphs, e.g., ‘near railway station’, ‘co-operative housing society’, ‘road

near’, etc. This modification would require subsequent changes to the structure of the

graph and the calculation of features.

� Separate AUC graphs can be built for each state and union territory of India, enhancing

the relevance of words that are locally significant but not common across the country.
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� For each node of the AUC graph, a list of all the pin codes where that unigram appears

in addresses can be added. This addition could provide more features.

� With enhanced computational resources, all the features proposed in this work can be

calculated, leading to a better understanding of patterns in the data by the classifier.
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Appendix A

Glossary

1. Agglomerative Clustering: A ‘bottom-up’ approach of clustering observations into

clusters. Each observation starts in its own cluster, and pairs of clusters are merged

as one moves up the hierarchy. This is a type of hierarchical clustering, a method of

cluster analysis to build a hierarchy of clusters.

2. AUC graph: Address unigram co-occurrence graph, a graph with address unigrams

as nodes and edges are formed when two unigrams co-occur in any address.

3. Bisecting k-means Clustering: A hierarchical variant of k-means clustering that

recursively splits data into two clusters at each step. The algorithm begins with all

data points in a single cluster and iteratively selects the largest cluster to bisect using

standard K-Means. This process continues until the desired number of clusters is

reached.

4. Clustering Coefficient: The clustering coefficient of a graph node quantifies how

close its neighbours are to being a clique (a complete subgraph). It ranges from 0 to

1. See Figure (A.1).

The value being 0 means the node’s neighbours are not connected to each other at all,

like a star-subgraph. On the other hand, it being 1 indicates that all of the node’s

neighbours are fully connected to each other, forming a clique. [50]

5. CSP: Credit Service Providers, such as banks or NBFCs

6. CIC: A Credit Information Company is an authorised organisation licensed by the RBI

that regularly gathers, stores, and evaluates consumer and corporate credit data from
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Figure A.1: Clustering coefficients of the blue node change with the presence and absence
of edges (solid and dashed lines respectively) between its neighbours (Source: Wikipedia)

financial institutions. This data pertains to individuals, businesses, and companies

nationwide. Examples in India include CIBIL, CRIF, Equifax and Experian.

7. DBSCAN: Density-Based Spatial Clustering of Applications with Noise is a density-

based clustering algorithm that groups together points closely packed in high-density

regions while marking points in low-density areas as noise. it does not require spec-

ifying the number of clusters and identifies arbitrarily shaped clusters based on two

parameters: neighbourhood radius and minimum points required to form a dense re-

gion.

8. Graphlet Degree Vectors: A graph-based feature representation that captures the

local structural role of a node by counting its participation in small, predefined sub-

graph patterns called graphlets. GDVs provide a compact numerical signature of a

node’s connectivity, useful for network analysis and machine learning tasks on graphs.

9. HDBSCAN: An extension of DBSCAN that performs hierarchical clustering based

on varying density levels. It extracts clusters by building a hierarchy of density-based

clusters and condensing it into a tree structure, allowing the algorithm to identify

clusters of varying densities without requiring a fixed neighbourhood radius. It provides

better cluster stability than DBSCAN.

10. In-time testing: Testing an ML model using the data obtained from the same time
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frame as the training and validation data used to build the model, as opposed to

out-of-time testing.

11. Logistic Regression: A statistical model used for binary classification that estimates

the probability of an outcome using the logistic (sigmoid) function. It applies a linear

combination of input features to predict class probabilities.

12. NBFC: Non-Banking Financial Corporation. It lends credits to individuals or organ-

isations, but a person cannot open a savings account or avail other banking-related

facilities in such a corporation.

13. Out-of-time testing: Testing an MLmodel using the data obtained from a time frame

which is in future with respect to the training and validation data. This generally gives

equal or worse prediction than in-time testing. A model which gives good results in

this testing is robust enough to handle the changes in incoming data with respect to

time.

14. PAN: Permanent Account Number, a ten-digit alphanumeric character issued to cit-

izens through the Department of Income Tax, Government of India. A person’s past

credit history is stored linked with their PAN at a CIC.

15. PCA: Principal Component Analysis is a dimensionality reduction technique that

transforms high-dimensional data into a lower-dimensional space while preserving as

much variance as possible. It computes new orthogonal features, called principal com-

ponents, which are linear combinations of the original features. These components

are ordered by the amount of variance they capture, allowing the most informative

dimensions to be retained while reducing noise and redundancy.

16. Pivot Table: A data summarisation tool that automatically sorts, groups, and ag-

gregates data from a larger dataset to provide a structured summary. It allows users

to reorganise and analyse data by placing variables along rows and columns, making

it easier to identify patterns, relationships, and trends within the data.

17. Precision: A performance metric for a binary classifier that measures the proportion

of true positive predictions out of all positive predictions made by the model. It

indicates how many of the predicted positive cases are actually correct. Precision is
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calculated using the following formula.

Precision =
True Positives (TP)

True Positives (TP) + False Positives (FP)

A high precision value means that the model makes fewer false positive errors.

18. Randomised Search Cross-Validation: A hyperparameter tuning technique that

searches for the best model parameters by randomly sampling from a specified set of

distribution instead of exhaustively evaluating all combinations. It balances efficiency

and performance by testing a subset of hyperparameters while using cross-validation

to assess model performance.

19. Recall: A performance metric for a binary classifier that measures the proportion of

actual positive cases correctly identified by the model. It indicates how well the model

captures all the positive instances. Recall is calculated using the following formula.

Recall =
True Positives (TP)

True Positives (TP) + False Negatives (FN)

A high recall value means the model successfully identifies most of the actual positive

cases.

20. Silhouette Score: Silhouette scoring is a method of interpretation and validation

of consistency within clusters. It is a measure of how similar an object is to its own

cluster (cohesion) compared to other clusters (separation). It ranges from -1 to +1,

where a high value indicates that the object is well matched to its own cluster and

poorly matched to neighbouring clusters.

21. Spectral Clustering: A graph-based clustering method that uses the eigenvalues of a

similarity matrix to identify clusters. It transforms data into a lower-dimensional space

via the graph Laplacian and applies a standard clustering algorithm like K-Means. This

approach is effective for detecting non-convex and complex-shaped clusters.

22. Thin customers: A customer with a limited past credit history, as opposed to a thick

customer. It is difficult to predict the creditworthiness for such individuals. For this

work, I have defined thin customers as those with a bureau score less than 100 at the

time of application to Axio.
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23. Thick customers: As opposed to a thin customer, they have taken multiple loans

before, and so their past credit history is available.

24. Weighted Degree Centrality: The concept of centralities is used to identify the

importance of vertices within a graph. The degree centrality is the ratio of the degree

of a node to the maximum possible degree of a node in the graph. [7] The weighted

version of this treats an edge of weight n as n distinct edges, for n ∈ Z+.
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