Understanding the problem:

Predicting credit default risk is a central issue in financial decision-making because it is based
on the task of providing a confident and intelligent solution to determine whether a loan
applicant will repay or default on a given amount of debt. The importance of this problem is
underscored by the essential balance required for lenders and financial institutions to best
maximize profits through loan approvals while concurrently minimizing losses through
defaults. The ultimately goal is to provide a lenders with a predictive mechanism for
determining the likelihood of a borrower in default, based on their financial behavior,
historical credit performance, and demographic profile. A model that provides better credit
decision making approving loans to applicants who are statistically unlikely to default and

denying loans to applicants who represent a greater risk of default.

The difficulty of predicting credit risk arises from the fluctuating situations for borrowers and
the economy itself. Borrowers' financial condition can fluctuate from highly reliable to highly
unreliable based on macroeconomic economic inputs (e.g. inflation, volatility in employment,
or changes in income/expenses). So lenders must deal with this uncertainty, while
maintaining a timeline and ensuring that they are making good decisions. This is an area
where traditional metrics such as credit score or income level may be helpful, but not enough
sufficiently useful on their own. Lenders need to gauge this situation in a robust way, where
patterns of payment (delinquency), ratios of debt, or volatility are captured, in order to
separate systematic reliable borrowers from systematic unreliable borrowers in the
population. Moreover, the task becomes even more complicated when lending decisions are
restrictive (with only a fraction of applicants receiving approval). Under conservative lending
scenarios to a pool where only 24 percent of applicants get approve, meaningful
discrimination must occur in order to identify reliable borrowers being excluded from a

cohort of borrowers with largely unreliable rejected outcomes.

Another primary challenge is in predicting credit default risk is the market dilemma between
providing wide credit access versus viable risk management. Approving too many applicants
can raise default rates which can translate into monetary financial losses, while too restrictive
risk management can limit growth side of business by excluding the viable borrower. Credit
risk management requires optimal threshold tuning to avoid false positive or false negatives:
a false positive is approving potential borrowers that are likely to default and potentially lose

lenders money; a false negative is approving only applicants that are creditworthy and



eliminating trustworthy credits/borrowers. This complexity is further complicated by data
quality issues such as missing values, class imbalance and encoding properties, which have
the potential to create bias in predictions and reduce the reliability of predictions in the real
world context. For example, if there is class imbalance of outcomes, there is a chance of the
model favouring majority class; if there is bias in applying categorical variable encoding,
then there is a risk pertaining how this seats the representation and relationship of variables.

Simply put, these issues stress the need for good preprocessing and validation.

At the end of the day, credit default prediction means to facilitate the lender with the tools to
make fairer, objective decisions supported by good data. A good model should not only allow
for better prediction accuracy, it should support financial inclusion of identifying the person
that is trustworthy to lend to but not be able to identify if using other manual processes. Thus,
in lending the most important thing is judiciously to protect institutional assets from
unnecessary lending losses by identifying lenders that represent a high-risk profile to ensure
sustainable lending practice. If utilised correctly, these risk scorecards and analytics tools, can
drive better lending approvals, limit the exposure to losses due to default and reciprocally,

generate long-term trust in the lending process and potential profitability.



Dataset Selection and Justification:

The "Loan.csv" dataset is a great fit for creating a model to predict credit default risk due to
its wide coverage, relevant features, and some level of agreement with how lenders approach
lending in the real world. The dataset contains 36 columns, which represent different
borrower characteristics, it includes ample history and detail. The dataset also contains a
robust number of records, all encompassing a variety of customer profiles outlined by a blend
of financial, behavioral, and demographic variables. The features of "Loan.csv" are
significant for evaluating a borrowers likelihood of default and are basis core to any reliable

credit risk model.

Financial variables that are especially noteworthy are the following: CreditScore, Annual
Income, Monthly Debt Payments, Debt-To-Income Ratio, Loan Amount, Loan Duration,
Savings Account Balance, and Payment History. These features give deep information on a
borrower's financial behavior and outstanding obligations. As for the other indicators,
Previous Loan Defaults, Bankruptcy History and Late Payments, they are historical pointers,
which are factors directly associated with the probability of default. These features are widely
recognized in the commercial credit field to serve as indicators for their borrowers risk. In the
meantime, the target variable Loan Approved is indicative of credit risk, a LoanApproved
value of 1, indicates the loan was approved (although presumably lowest risk individuals)
whereas a LoanApproved value of 0 indicates loan applications that were rejected (high risk

profiles).

The dataset has a wealth of demographic and lifestyle variables in addition to the financial
metrics that help give some meaningful context to the credit behavior of the borrower. The
variables include Age, EmploymentStatus, EducationLevel, MaritalStatus, and
NumberOfDependents. These characteristics should help the model explore aspects of social
and economic background that could reflect somewhat indirectly on the potential to repay the
loan. For example, steady employment, and a higher level of education should be associated
with better financial stability, while certain age demographics or size of family could relate to

different patterns in risk or fiscal responsibilities.



The dataset’s expansive structure should aid in training high-capacity machine learning
models that can learn complicated relationships between the attributes of the borrower and
the default outcome. The dataset has sufficient size for an effective split into a training
dataset, a validation dataset, and a test dataset to increase generalizability. The dataset should
have the capacity to successfully implement effective imputation strategies with no
consequential loss of information, even if missing or imperfect data is present. In summary,
the "Loan.csv" dataset has sufficient breadth and depth to build a predictive model that shares
the same characteristics of real-world lending. The sufficient detail and variety of features to
make lending decisions should enable credit organizations to make lending decisions that
accurately balance risk awareness and lending decisions relative to background in the

marketplace.



Data Exploration and preprocessing
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Figure 1: Importing necessary libraries

The necessary linbrarioes have been imported for the skae of data manip[ualtion, bumericla

operation, dcata preprocess, modelinga nd visualizations

Figure 2:Laod dataset and display metadata

The dataset has been imported and the code to gather info regarding eteh dataset’s meta data

was ran.



Dataset Info:

<Class "pandas.core.frame.DataFrame’ >

RangeIndex: 20888 eniries, 8 to 19999

Data columns (total 36 columns):

# Mon-Null Coumt Dtype
ApplicationDate 28888 non-null object
Age 28888 non-null intes
AnnualIncome 28888 non-null intes
CreditsScore 28888 non-null intes
Employmentstatus 28888 non-null object
EducationlLevel 28888 non-null object
Experience 28888 non-null intes
LoanAmount 28888 non-null intes
LoanDuration 20888 non-null intes
MaritalStatus 28888 non-null object
NumberofDependents 28888 non-null intes
HomeOwnershipsStatus 28888 non-null object
MomthlyDebtPayments 28888 non-null Iintes
CreditCardutilizationRate 28888 non-null floates
NumbertfopenCreditLines 28888 non-null intes
NumbertfCreditInquiries 28888 non-null intes
DebtToIncomeRatio 28888 non-null floates
BankruptcyHistory 28888 non-null intes
LoanPurpose 28888 non-null object
PreviousLoanDefaults 28888 non-null intes
PaymentHistory 28888 non-null intes
LengthofCreditHistory 28888 non-null inted
SavingsAccountBalance 28888 non-null intes
CheckingAccountBalance 28888 non-null intes
TotalAssets 2888 non-null intes
Totalliabilities 28888 non-null intes
MomthlyIncome 28888 non-null floated
utilitysillsPaymentHistory 208688 non-null floates
JobTenure 2888 non-null intes
NetwWorth 28888 non-null intes
BaseInterestRate 28888 non-null floates
Interestrate 28888 non-null floates
MonmthlylLoanPayment 28888 non-null Floates
TotalDebtToIncomeRatio 28888 non-null floates
LoanApproved 28888 non-null intes
35 RiskScore 28888 non-null floates
dtypes: floate4({9}, inbs4{21}, object(s)

memory usage: 5.5+ MB
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Figure 3: Output of metadata

As seen in the above diagram the df.info() provides a acomprhenesive ovrvire of yhe datast
which as shown contains 20,000 non-null entries across all 36 columns , the dataset is
comprised of 5 categorical columns , 21 numerical columns and 1 date columns which will
need to be dropped since it provides no relevant information for the model while other

categorical columns will need to been coded.



Figure 4: Code to display first 5 rows of dataste

First 5 rows:
ApplicationDate
2818-81-81
2818-81-82
2818-81-83

Age AnnualInCcome
45 399438
38 39789
47 48724
LE B9a34
i7 183264

Creditscore Employmentstatus
617 Employed
628 Employed
Employed
Employed

594 Employed
LoanDuration Maritalstatus
48 Married
48 Single
Married
Single
Married

LoanAmount
13152
26845
17627
37898

9184

EducationLevel Experience
Master 22
Associate 15
Bachelor 26
High School
Associate 17
JobTenure

11

MonthlyIncome UtilityeillsPaymentHistory
29 . S8a00a 8. 724972
9.883333 -935132
3. 666667 372241
7 . BBB00a - 395155
Bh85.333333 - 341369

NetWorth Y\
126928
43689
5285
99452
227819

W

3
3
3
3
39
T

I
0

BaseInterestRate InterestRate MonthlyLoanPayment TotalDebiToIncomeRatio

8.199652 a.
. 287845
- 217627
- 308398
- 197184

LoanApproved
)

RiskScore

49.8
52.8
52.8
54.8
36.8

[ rows X 36 columns]

227558
- 281877
212548
- 388911
- 175998

419.E85992
794.854238
[
1847 .586088
338.179148

Figure 5:Output to display initial rows

8.181877
8.389852
8.462157
8.313898
a.a7az21e

The above figure displays The first five rows of the Loan.csv dataset give a glimpse of the
dataset with its 36 columns and how aspects vary across the differing 20 type of features.
ApplicationDate shows a distinct date range of January 2018 that gives indications of a

historical dataset that we will be dropping from the information as encoding problems may



occur. Application related variables such as EmploymentStatus (not employed vs employed)
and EducationLevel (Master vs Associate) provide a scope to applicant type when looking at
the data. Examples of numerical features such as Age ( 37-58), Annuallncome (39,709-
103,264), and CreditScore (545-628) show a broad spectrum when assessing the individual
data points; and there, the response variable LoanApproved uses either 0 or 1, which
indicates either no loan or loan approved and the RiskScore is scattered similarly (36-54).
One aspect that stands out are the high Annuallncome entries (103,264) and general high
LoanAmount entries (37, 898) suggesting outliers which are confirmed by tables within the
dataset produced by the statistics functions utilized later. This first preview explains the
outline of our preprocessing approach involving categorical encoding and capping for outliers

so we can leverage the data for modeling purposes.

Figure 6: Code to check for missing values

Missing values:
ApplicationDate

Age

AnnualIncome
CreditScore
Employmentstatus
EducationLevel
Experience

LoanAmount

LoanDuration
Maritalstatus
NumbercfDependents
HomeOwnershipstatus
MonthlyDebtPayments
CreditCardutilizationRate
NumberofOopenCreditLines
NumberofCreditInquiries
DebitToIncomeratio
BankruptcyHistory
LoanPurpose
PreviousLoanDefaults
PaymentHistory
LengthofCreditHistory
savingsaccountBalance
CheckingAccountBalance
TotalAssets
TotalLiabilities
MonthlyIncome
utilityBillsPaymentHistory
JobTenure

Networth
BaseInterestrate
InterestRate
MonthlyLoanPayment
TotalDebtToIncomeRatio
LoanApproved

RiskScore

dtype: intes

DD D00 000000000000 DD DDDDDDDDDDDDDDD

Figure 7: Output for missing values



The above figure illustrates that the missing values contained in the Loan.csv dataset do not
occur in any of the 36 columns with all columns reporting 0 null values. This means that out
of the estimated 20,000 rows, we do not have any missing values. This eliminates the need to
spend preprocessing time on imputing missing data. However, not having any missing data
means that we now have consider 5 categorical (EmploymentStatus, and so on) and 29
numerical (Age, and so on) columns that will require consideration for encoding and outliers
respectively. While the absence of missing values implies that we have "clean" data, given
the large ranges of the type of data in our columns (Annual Income for example is as much as
485,341), it doesn't mean that we don't have to worry about outlier management and outlier

transformation going forward.



", df .duplicated(

# Re duplicates
df = df.drop_duplicates()

Statistical Summary:
Age  AnnualIncome CreditScore Experience LoanAmount
count 2 . BeeeRa - BeReed . . BEBEEa 20000 . 000000
mean 359.752600 -473558 . 17.522750 24882 .867500
std 11.622713 -B45168 9735 11.316836 13427.421217
min 18 2000 15 - Beeed . . BORE0d 3674. 000000
25% 32.000000 31679. be022d - 9. 200000 15575. 600000
sak 48.900000  48566.P00008 - a 17 . Bo8a0a 21914580008
48 . 000000 74391 . be0000 25. 000000 38835. 000000
£0.000000 485341.000000 . 000000 134732.6000000

LoanDuration MNumberOfDependen MonthlyDebtPayments
- BeeeRa 20000 . O0ER0
54.857000 . 454 .292760
24.664857 . 249.587689
12.000000 . 56.0600000
36.000000 . 286 . 000000

48 2000 . 482 .200000

72. 000000 - 564 . 620000
126. po0000 2915 . 00a000

CreditCardUtilizationRate NumberOfOpenCreditLines MonthlyIncome
count 28004 . 200200 20000 . 000008 20000 . 000000
mean 286381 23350 715521
std 9793 -736161 771598
min 208008 000008
25% oa 583333
sk
75%
max 8 3 2008

UtilityBillsPaymentHistory JobTenure Nethorth
count 208 eeeaea .0eeaee 2.000080c+84
mean 799918 Ba265a 9432e+04
std 120665 236804 79280e+25
min 259203 oaoeoa . B00000e+23
25% 727379 [eleleiee ] .734750=+83
Se% 820962 feceee . 285550e+84
75% 892333 Beeeed .B82550e+84
max @.999433 Beee08 2.683208e+06

[l

[« IV VTR -]

o

BaseInterestRate InterestRate MonthlyloanPayment
count Baae . 28008 .
mean
std

. 763700
28.511452
2.778759

RiskScore

08 20000 .000000
-239008 58.766780
-426483 7.778262
28 . 500000

[8 rows x 3@ columns]

Number of duplicate rows: @
Duplicates removed. New dataset shape: (2000@, 36)

Figure 9: Output for summary statistics and number of duplicate rows



This statistical summary provides a finer multivariate profile of the 20000-row dataset across
all of the 30 numerical columns (not including the LoanApproved target variable),
specifically, the Age variable mean (39.75) and Experience mean (17.52) provide insight into
a fully mature applicant pool, demonstrating where the age and experience profile seems to
eventually plateau for the applicants. The Annuallncome variable mean (59161.34) and
maximum (485341.00) indicate sufficient skewness consistent to the significant number of
extreme annual income outliers, and the LoanAmount variable average (24882.83) and
maximum (184732.00) demonstrates a significant skew consistent to extreme outliers, that
are likely to skew model results unless mitigated or deleted. The 23.9% mean LoanApproved
rating provides statistical insight into a significant class imbalance where techniques to
manage imbalance through the use of random oversampling or SMOTE, etc. must be carried
into model development. Both CreditScore variable (mean 571.61, range 343-712) and
RiskScore variable (mean 50.77, range 28.8 - 84) present positive measurable predictably, but

with significant standard deviations e.g., NetWorth (SD = 117,920).

numerical_;
print{"
print(

Figure 10:Code to drop Application data and group columns into categorical and numerical

propped ApplicationDate to prevent encoding issues.

Categorical Columns: ['EmploymentStatus®, "EducationLevel®, "Maritalstatus', "Homeownershipstatus®, 'LoanPurpose’]
NMumerical Columns: ["Age®, "AnnualIncome®, °"CreditScore', "Experience’, "LoanAmount®, °LoanDuration’, "NumberOfDependents®, 'MomthlyDebtPaym

Figure 11: Output to drop Application data and group columns into categorical and numerical

The next deletion of ApplicationDate brought the column count down to 35 as the intention
of the logic was to avoid encoding errors based on unique values of a date. This was a huge
win since there were still 20,000 rows indicating a lot of unique data! The preprocessing was
based on the lack of duplicates, outlier management, and categorical encoding. There was a
lot of unique data with no duplicates so the pipeline was opened allowing every aspect of the
data to be considered even though deleting ApplicationDate most likely put a nail in the
coffin of potential temporal features because the focus was on the 5 categorical and the 29

numerical columns that remained. The categorical variables were object types and will be



considered for one-hot encoding if there are enough unique categories a potentially yielding
42 features depending on the outcomes of later Selected Features. The numerical columns
were of the type int64 and float64, displaying a broad range of numeric variables typically
used as financial or demographic indicators. Annuallncome and CreditScore will likely be

singled out for capping of extreme outliers.
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Figure 12: Code for Count plot for Loan Approved

Loan Approval Distribution

0 1
Loan Approved (0 = No, 1 = Yes)

Figure 13: Output for or Count plot for Loan Approved

This Count Plot plots the distribution of LoanApproved (0 = rejected, 1 = approved) across
the 20,000-entry Loan.csv dataset using the viridis palette for contrast in color. You can see
the statistical summary indicated that the LoanApproved mean is 0.239 indicating that about
76.1% of the rows' (15,220) data would be labeled 0, while only 23.9% of the rows (4,780)

would be labeled 1 indicating a significant class imbalance. Even though there’s a class



imbalance in the dataset it aligns back to the point to real world scenario since it is not often

the banks will approve loans.
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Figure 14: Code for Boxplot for CreditScore

CreditScore by Loan Approval
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Figure 15: Output Code for Boxplot for CreditScore

The box plot above shows the distribution of CreditScore by Loan Approval status, where 0
indicates rejected applications, and 1 indicates the approved ones. Each box indicates the
range of credit scores in each group with the median (the central line), interquartile range (or
middle 50%), and the whiskers which encompass the range outside the middle 50% but don't
include outliers. The plot shows slight differences between approved and rejected applicants
in their credit scores, with approved applicants have median credit scores at a just slightly

above 600 while rejected applicants are slightly under 600.

In spite of the differences, there is immense overlap in the interquartile ranges, and suggests
that many applicants are in the same range for credit score level regardless of approval

request. Nonetheless, the box for the approved loans appears to be shifted slightly higher than



the rejected loans, suggesting a weak relationship between approval likelihood and higher
credit scores exists. Rejected applicants also have more extreme low-end outliers in the lower

than 400 credit score range - and this was rarely observed in approved applicants.
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Figure 16: Code for Stacked bar plot for first feature

EmploymentStatus vs Loan Approval (Stacked)
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Figure 17: Output for Stacked bar plot for first feature

The stacked bar plot above shows the relationship between the top categorical feature
EmploymentStatus (Employed, Self-Employed, and Unemployed), and LoanApproved, with
shared color schemes (RdY1Bu). Each bar represents an employment category (there are three

categories), the height of each is a total of applicants, and each area of a bar is a proportion of



number of approved (blue) and rejected (red) loan applications in that given employment
category. The major takeaway from this plot is that employed individuals make up the bulk of
loan applications, with the employed bar approaching 17,000. However, only a small
percentage of loans in the employed category were ultimately approved around 20% with the
majority (~80%) being rejected. The remaining two employment categories, self-employed,
and unemployed, make up a small portion of the dataset (both less than 2,000 applicants), and
while it might appear that the percentage (rate) of applications who were approved in these
two categories is noticeably higher than employed applications (maybe 30% to 40%), the
absolute total amounts of applications is also low. To recap, although employment status does
influence the volume of loan applications, it does not necessarily correlate as a strong
predictor for higher likelihood of approval. There is one certainty from this plot: there are far
more rejections than approvals across all employment categories, and that rejection suggests

a conservative overall loan approval process.
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Figure 19:Output for for pair plot for the top 2 numerical features.



The visual analysis has identified some unmistakable trends regarding loan approval
decisions. Younger customers who are aged primarily between 25 to 40 years old are
significantly more likely to have the loan approved as compared to older applicants. Older
customers aged above 50 are much more likely to have their loan rejected. Considering
annual income, the majority of applicants earn between 50,000 and 200,000, as loan
approvals generally occur among this group of applicants in the middle-income range. While
there are not many applicants with high income (greater than 300,000), high-income
applicants receive approved loans. There does not appear to be a relationship between age
and income, as income is seen at all ages; however, younger applicants make loans to persons
that earn moderate income (50,000-200,000) much more often. Overall, there are approved
loans from the younger, middle-income applicants and rejected loans from older applicants or

from lower-income earners.

Figure 20:Code for credit score Distribution
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Figure 21:Output for credit score Distribution



Above, a histogram that shows the distribution of credit scores among all applicants helps
present the spread, central tendency, and shape of the data; it shows the spread (credit score
histogram) as there are 20 bins that the scores are grouped into along with a kernel density
estimate (KDE) curve that smooths the probability distribution curve. It can be determined
that the distribution is standardly normal (bell-shaped) based on visual inspection, with a

slight left skew.

Most applicants have credit scores between 500 - 650, however the distribution can be seen
as peaking at approximately a score of 600, this is the most prevalent score/ range credit
score obtained by applicants. The KDE curve agrees with that the peak density approximated
around the score of 600. Subsequently, the overall applicant pool may be considered as there
are a scant few applicants that have scores lower than 450 and higher than 675 in the
histogram, which makes it very uncommon for applicants to have those scores ultimately

creating more common mid-range credit scores.

Assessing that histogram in the aggregate suggests that the majority of loan applicants have
moderate credit worthiness that could potentially skew the trend of most loans will be
approved. Also, the smooth shape and non-atypical distribution while making the overall
histogram appear normal., indicating the inadvertent nature of producing a borrower credit
score and hinting that borrower credit score production is consistent and void of unique
building potential or peaks without distinct measures. Overall, the histogram dictates that the
applicant pool is intrinsically average and points out an important observation about how to

interpret likelihood of approvals and credit score.



Data preprocessing:
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Figure 22: Code for outlier detection, splitting values and encoding.

This single preprocessing block processed the Loan.csv dataset (20,000 rows and 36
columns) in preparation for predicting the credit default risk. First, it caped the outliers in the
Annuallncome and CreditScore variables using a 1.0 IQR factor. It calculated the first (Q1)
and third (Q3) quartiles (e.g. Annuallncome Q1 = 31679; Q3 = 74391) then determined the
boundaries to cap extreme values (admittedly, these boundaries are rough estimates based on
graphical data). A boundary of about ~15,000 to ~120,000 were set for 20k observations. The
variable ApplicationDate was removed from the data set while retaining all of the
observations with a total shape of 20000, 35 going forward. The study then split the data;
separating the features (X) and the target variable y (LoanApproved). After separating out the
target variable, the study then performed an 80-20 train-test split (16000 and 4000

respectively) using train_test split function with random_state=42, (random_state being the



seed to eliminate data leakage). After splitting the datasets into train and test datasets, the
study also LabelEncoded five categorical variables (e.g. EmploymentStatus) in both X train
and X _test into integers (0, 1, 2 respectively). Upon completing the above processes, the first
print-instructure confirmation of df.shape confirmed that the original dataset has not been
affected by all the splits and encoding as all of these processes were only completed on the

derived feature matrices X train and X test (not on the dataframe).

Capping outliers at a 1.0 IQR multiplier retains all 20,000 records (important if it boils down
to retaining around 50% of the sample), rather than simply dropping them; which is critical
when preserving some financial-related information. Outlier limits on Annuallncome and
CreditScore positions our class as valid in terms of credit risk modeling. By proceeding with
a smaller multiplier, we are able to keep more representative data, even if we have unwanted
noise. Performing an early train-test split on the data prevents data leakage, and the 80-20
train-test split with random_state=42 allows for reproducibility. Retaining LoanApproved as
target (y) particularly defines what we are modeling against. Making use of LabelEncoding
on the five categorical columns allows us a more numerical representation while still
maintaining a manageable 35-column dataset (no need for OneHotEncoding which pushes
the data to 43 columns, since this may encounter further problems with efficient
calculations). As used for trees, using label as opposed to one hot does not penalize tree
activity as order does not impact reasoning. LabelEncoding on both X train and X_test
captures future prospects and thus prevents leakage into model training. Additionally, the
dataframe units size remain identical (X,y) and confirm that the pre-processing of data has
only been confined to derived subsets of the data and provided us with an offered clean and

structured dataset for consistent and reliable credit risk prediction.
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"HomeOwnershipstatus', "MonthlyDebtPayments®, "NumberOfOpenCreditLines”,
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Figure 23: Code for feature selection, smapling and Scaling

This preprocessing task, prepares the Loan.csv dataset (20,000 records) for a loan approval
prediction model. The first modifications involve removing the ApplicationDate column from
both the training and test sets (as to ensure relevant features do not inadvertently become
temporal features, gaining time as a potential feature) create a potential misstep with both
training and test sets (having temporal features would create potential for feature leakage).
Next, a VarianceThreshold of 0.5 was implemented, eliminating those features with less than
0.5 variance, which reduced features from 43 to 21. Many of the features eliminated could be
suggested features, rather than real useful features like one hot encoded categoricals and
weak numerical predictors. The features left are reasonable context gauging, key financial
variables, and risk indicators such as CreditScore, Annuallncome, LoanAmount,
PaymentHistory, and RiskScore. Indications of whether these features could have

implications on commitment decisions would be more relevant to the analysis.

To address class imbalance (with only 23.9% approvals), I used SMOTE with k_neighbors=3
to generate synthetic observations for the minority class; this balanced the training dataset
and made the model less likely to learn about and only from one class rather than both

classes. Finally, the StandardScaler is implemented to center and scale the features to a mean



of 0 and variance of 1. These steps were deemed to be necessary as many models will have a

bias toward scale.

Generally, this pipeline should make sure that the dataset included in the training and test set,
is consistent, balanced and is not missing any quality or informative features. Suppliers to the
preparatory decisions made here improve the accuracy and fairness of the model and specify

variables that would reflect approval or denial likelihood to the bank.



Model Selection and Rationale

tingClassifier(n_estimators=5&, ran

I
grid_search

)
grid_search.fi ain_ _train_resampled) it on r 1 Lning
print eri arch.best_params_)
print("Best m Fores ! y_test, prid_search.predict_proba(X_test_scaled)[:, I

Best Random Forest Parameters: {'max_depth': Mone, "min_samples split': 2, 'n_estimators": 1ea}
Best Random Forest ROC AUC: @.999416861714514

This output presents the finalized hyper-parameters for the Random Forest model, achieved
through GridSearchCV, max_depth: None, min_samples_split: 2, and n_estimators: 100,
showing we had a deep, unconstrained model with more trees to gain a better fit while having
no samples to split. The ROC AUC score of 0.999416 on the validation set identified nearly
perfect discrimination between the two loan approval categories, indicating we developed a
model that understood the data and learned the relationships present. While the score is high
and 1s based on the resampled training data, it provides an excellent baseline, however given
it is near to 1.0, we need to be concerned on overfitting, to confirm we will test against the

value from the test set.



Evaluation and Validation of Results

for name, m-::ldel in models items(
print{f“YnEvaluating {name }
model . fit(X train_scaled, y_train resampled) # Train model
CV_sCores = cross_wval score.\model ¥ train_scaled, y_train_resampled, cv=3, scoring="roc_a
print{f"Cross- on RO 5 BS CV_scoresi”)
print(f 3 ROC AUC: {cv_scores.mean( ):.4f +/- {cv_scores.std

y_pred = model.predict(x test_scaled) tes
y_pred_| pmb = model predict_proba(¥_test scaled‘-[ o 1]
print{f Te RO C: {roc_auc_score(y_test, y_pred proba):.
print("C fication Report:™)
print{classification_report(y_test, y pred))

Evaluating Loglistic Regression:
Cross-Validation ROC AUC Scores: [8.99999549 @.9999985 @.99999958]
Mean OV ROC AUC: 1.8088 (+/- 8.8808)
Test ROC AUC: 1.8888
Classification Report:
precision recall fl-score

1.88 1.88 1.88
1.88 1.88 1.88

accuracy 1.84
maCcro avg c - 1.88
weighted avg . . 1.88

Evaluating Random Forest:
Cross-¥alidation ROC AUC Scores: [8.99983169 @.99998895 @.99995634]
Mean OV ROC AUC: 8.9996 (+/- 8.8088)
Test ROC AUC: 8.9992
Classification Report:
precision recall Fl-score

a 8.99 a.99
1 8.98

accuracy
macro avg
weighted avg

Evaluating Gradient Boosting:
Cross-Validation ROC AUC Scores: [@.99923827 ©.999:66427 @.99976656]
Mean OV ROC AUC: 8.9996 (+/- 8.8085)
Test ROC AUC: @.9997
Classification Report:
precision recall fi-score

1.88 8.99 .99
8.98 8.99 8.98

accuracy @.99
macro ave c - @.99
weighted avg L - B.99




The evaluation of Logistic Regression, Random Forest, and Gradient Boosting on the
preprocessed dataset—containing 35 engineered features with label-encoded categoricals and
scaled numeric data—yielded exceptionally high performance across all key metrics. The
dataset was balanced using SMOTE to address the original class imbalance (23.9%
approvals), resulting in a training set of 16,000 rows and a test set of 4,000 rows (2,983
rejections, 1,017 approvals). All models delivered ROC AUC scores above 0.998 both in 3-
fold cross-validation and on the test set, with accuracy and F1-scores reaching 99% overall,
and strong minority class performance: Gradient Boosting achieved 0.97 precision and 0.99

recall for approvals, with an F1-score of 0.98.

Such near-perfect performance, while impressive, warrants further reflection—particularly if
the dataset is synthetic or artificially generated. The consistency and tight standard deviations
across folds (£0.0008 to +0.0013), coupled with uniformly high scores across all models,
strongly suggest that the dataset may have low noise, well-separated class boundaries, or
even a synthetic structure where feature relationships are more predictable than in real-
world data. Synthetic datasets, especially those designed for demonstration or competition
purposes, often contain engineered features that intentionally correlate well with the target

variable, leading to unusually high model performance.

Besides data origin, the preprocessing pipeline made a significant contribution. Outlier
capping reduced the effects of extreme data points, scaling adjusted the feature ranges to
normalized ranges (especially important for Logistic Regression), and SMOTE balanced the
classes and avoided adding too much noise, allowing us to have very learnable data. The
models themselves were a consideration for performance: Logistic Regression can easily
capture linear trends. Random Forest and Gradient Boosting can model nonlinear interactions

and complex dependencies of features.

To summarize, structured and/or synthetic data plus robust preprocessing practices, balanced
classes, and powerful models all help explain the high metrics that were achieved. While
these results are encouraging, they should still be taken with caution for real-world
deployment, as real-world data are noisier, relationships are not always clearly defined, and

model generalizability is tested more rigorously.
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Top 10 Feature Importance (Random Forest)
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The bar graph shows the 10 most relevant features that the random forest model used to
predict loan-related outcomes. There is one obvious trend — the RiskScore alone has almost
60% of the importance. This shows that in the context of the random forest model population,
the RiskScore is the most important feature used to make predictions, possibly because the
RiskScore is most directly correlating with the model's predicted notions of default risk or

creditworthiness.

After RiskScore, the next most important features, MonthlyIncome and Annuallncome, had
tremendously smaller importance value contributions (e.g., 10% - 15%). This trend seems to
show that comparatively income is an important predictor of a borrower's ability to repay a
loan, but it's not their only or even most important measure. LoanAmount,

MonthlyLoanPayment, and LoanDuration had even significantly smaller importances, and



these seem to be related to the borrower's financial profile but did not possess the power as a

predictor.

Finally, the remaining features of TotalAssets, Experience, NetWorth, and Age exhibited the
very smallest contributive weights. The trend reveals an overall story here, whereby the
model based decisions on financial risk indicators (not demographic or long term financial

indicators) with a heavy reliance on a few factors, particularly on RiskScore.
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Confusion Matrix - Logistic Regression
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The confusion matrix evaluation provides a more detailed picture of the overall performance
of the Logistic Regression, Random Forest, and Gradient Boosting models using a 4,000-row
sample test set that included 2,983 interest-only applications rejected, and 1,017 interest-only
applications approved. The evaluation using a description of the 4,000 rows after training for
the test set was completed using a 16,000-sample SMOTE-balanced training set. Each of the
confusion matrices will show us how the models predict the binary target variable
LoanApproved (0 = Rejected, 1 = Approved) of the categorical target after extensive
preprocessing, including Label Encoding, scaling of the numerous features, and outlier

capping has been imposed upon the modeled data.
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The most rewarding observations from the models, after comparing confusion matrix results,
is that all three models did an excellent job classifying the rejected applications with all three
models correctly identifying 2,953 rejections (True Negatives). And with Logistic Regression
and Random Forest classifying 997 approvals correctly (True Positives) and both having 30
False Positives (FP), and 20 False Negatives (FN). Finally, yet importantly, Gradient
Boosting improved upon the weak classification of the minority class by correctly classifying
1,007 approvals (True Positives) and dropping 10 false negatives (False Negative), while
maintaining a fixed number of 30 false positives (False Positives). Considering previously
discussed metrics, the F 1 scores were clearly represented with the recall being higher than
previously reported (0.99 with Gradient Boosting) for approvals, while precision for the

minority classifications ranged from 0.96 to 0.98, respectively.

These findings support the 99% overall accuracy and closely approximated ROC AUC scores
(0.9984 to 0.9994). The high overall correct classifications indicate that the models leveraged
the 35 features included in the analysis, including important drivers such as CreditScore,
RiskScore, and Annuallncome, quite well. The improvements in the minority classespecially
in Gradient Boosting reducing the number of false negativesillustrates the usefulness of
SMOTE, which helped address the prior 23.9% approval bias, by synthetically generating
realistic samples so that models had increased exposure to the approval class while being

trained.

The limit of 30 false positives for all models also suggests there may be an inherent barrier in
terms of separating out potential edge cases; for instance, it is possible that there was noisy or
borderline applicants who could not be eliminated with outlier capping (using 1.0 IQR
multiplier). It could be that these represent unclear cases, in which the indicators to reject or

approve are in conflict, and that neither of the models were able to find a clear distinction.

Gradient Boosting was able to decrease the false negatives from 20 to 10 without negatively
impacting the other metrics, indicating it held an advantage in capturing the complex patterns
and nonlinear relationships in minimally utilized approval cases. In addition, the predicted

test ROC AUC indicates that Gradient Boosting had the highest score at 0.9994; Random



Forest shows 0.9984; and Logistic Regression shows 0.9991. Although Random Forest
indicates the value of better false positive control (i.e., higher precision), Gradient Boosting is
a better choice for recall, which could take on huge value in cases where a missed approval

could have more negative implications than an excess approval.
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The evaluation reveals that Logistic Regression, Random Forest, and Gradient Boosting all
scored a perfect ROC AUC of 1.0 on the test set, or that each model can perfectly distinguish
between loan approvals (class 1) and loan rejections (class 0). The nature of this performance
means all approved loans received a higher predicted probability than all rejected loans,

leading to perfect ranking and complete separation between the classes.

For Logistic Regression, this means that a linear combination of the features yielded a
decision boundary that was perfectly clear. Random Forest used an ensemble of trees that
likely only picked out and represented the exact decision rules in the training data, and
Gradient Boosting can fit very complicated shapes and patterns - it likely used sequential
error correction to get there. All models had previously indicated strong performance (e.g.,
~0.99 AUC, and high recall), and this perfect score is even rarer when compared to the other

metrics.



While the results indicate very good predictive power, they also present important issues that
require discussion. First, a perfect model may not solely result from the capabilities of the
model, but also because of the data structure and data preprocessing factors. As an example,
although it is likely that SMOTE improved the predictions by balancing the minority class
(with 23.9% approvals), things like LabelEncoding of categorical features, capping outliers
using a 1.0 IQR multiplier, and scaling the features helped strip noise and highlight class
patterns, helping the model separate the outcomes. Also, the 35 columns in the dataset also
included informative variables/examples of the credit decision being made like CreditScore,
RiskScore, Annuallncome that provided further abilities for the models to determine correct

classifications.

However, it is likely that these results are also indicative of deeper problems. The most likely
reason being the dataset is synthetic or too uncluttered and probably portrays no real life
ambiguity, or noisy labels. Strongly structure datasets such as these lead to overly optimistic
model performance that is not likely to generalize beyond the dataset. Even if SMOTE were
not used, a dataset containing features with low variance across classes or having features

with extremely strong signals may mean that class separation is trivial.



Challenges faced:

One of the main challenges was handling outliers in essential numeric variables such as
Annuallncome and CreditScore. The first strategies removing outliers would yield
considerable losses of data (about 50 % of original 20,000 records), and it was necessary to
ensure the dataset was still representative of the original data. However, I used the 1.0 IQR
capping method in this case, to maintain all rows by removing them with extreme values (for
example, lowering the maximum income from more than 485,000 to ~120,000 yearly). By
choosing this route, I could maintain the size of the dataset, but reckoned I could have
potentially retained some excessive noise, which could be part of the reason for the AUC =
1.0 for the model performance, and may need to limit values using 1.5 IQR multiplier to
achieve a better balance between keeping data, reducing noise, and ultimately

generalizability.

The next challenge I faced was the class imbalance in loan approvals, which represented only
23.9 % of the data. To alleviate any bias toward rejections I applied SMOTE to oversample
the minority class in the training set. Having done this allowed me to improve the recall for
approvals (the recall was 0.99 for Gradient Boosting), but I suspect this was also another
reason for having such remarkably high overall evaluation scores for the models, as the
models may have overfitted to the Synthetic Patterns. Looking ahead, the models will be

validated on a real-world or external dataset to see how robust they actually are.

Categorical feature encoding also presented challenges. Our initial use of OneHotEncoding
resulted in 43 features, which increased the dimensionality and computational cost. Our shift
to LabelEncoding resulted in 35 features, resulting in a simpler model structure, however, it
introduced more of an ordinal relationship that could potentially mislead our models like
Logistic Regression by suggesting a continuum-type relationship (this was somewhat
mitigated because we emphasized tree-based models more; Random Forest, Gradient
Boosting, etc., which are not sensitive to feature ordering). That aside, the results were
excellent, but implied we either had dirt-simple data or that our data was synthetic (however,
we have never had unrealistic results come from our experiment). Reintroducing
OneHotEncoding for non-ordinal features is being considered for improved fairness and

representation.



Lastly, our near-perfect results 99% accuracy and AUC = 1.0 presented another challenge.
While we can take some partial confidence in our high results based on an effective data
cleaning/preprocessing process, and class balancing process, we flagged this dataset for
authenticity concerns, possible data leakage, etc.. Again, to be clear, we are going to review
the relationships between our features and targets in deeper detail, and externally validate the
relationship against a different dataset to confirm model integrity so as not to over-estimate

the results and their applicability in the real world.



