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Abstract:

Credit risk management is fundamental to the survival
of financial institutions and the stability of the broader
financial system. While traditional credit scoring models
like FICO serve as industry standards in consumer credit,
they have notable limitations: they exclude individuals
without conventional credit histories and rely on static
historical data, which fails to capture dynamic changes
in borrowers’ financial behaviour and risk profiles.
This study addresses two core questions: (1) How can
alternative features, derived from borrowers’ controllable
financial behaviour, be constructed to capture risk
information missed by FICO? (2) How can the marginal
contribution of these features to credit risk identification
be quantified? Using the Lending Club loan dataset,
we adopt a framework of “feature selection — model
building — performance evaluation — robustness testing,”
constructing a baseline model using only the FICO score
and an extended model that incorporates alternative
features via the XGBoost algorithm with 5-fold cross-
validation. Results indicate that the extended model
achieves robust improvements in key metrics (AUC, KS,
F1), effectively bridging gaps in dynamic risk detection.
Alternative features supplement traditional models by
identifying high-risk segments, particularly those with
“high debt, low stability, and no assets.” Academically, this
study advances credit risk identification methodologies
and enriches the theoretical application of alternative data;
practically, it offers financial institutions enhanced risk
control tools to reduce nonperforming loans.
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1. Introduction

Credit risk management is a core function and the foun-
dation of financial institutions’ viability. Its effectiveness
is closely linked to both financial system stability and
efficient resource allocation [1]. Currently, traditional
credit scoring models, such as the FICO score, quantify
borrowers’ historical credit histories into a standardized
score, providing an objective basis for credit decisions and
setting the industry benchmark in global consumer credit.
However, these models have significant limitations: FICO
scores fail to cover most individuals lacking traditional
credit histories, resulting in financial exclusion. Moreover,
their reliance on static historical data hampers their ability
to reflect dynamic changes in borrowers’ financial behav-
ior and risk, making them less adaptable in complex and
volatile financial environments [2].

The rise of intelligent financial technology and big data
analytics has introduced alternative data sources, such as
mobile payment transactions, active repayment frequency,
and spending limit control. These data capture real-time,
controllable financial behaviors, offering a more accurate
perspective on borrowers’ financial status and willingness
to repay [3]. Such alternative data, representing behaviors
that borrowers can actively optimize, provide predictive
insights that surpass traditional credit scores and offer new
opportunities for risk prediction beyond FICO.

This research addresses two key questions: First, how
can alternative features based on borrowers’ controllable
financial behavior be systematically constructed to uncov-
er risk information overlooked by FICO scores? Second,
how can the marginal contribution of these features to
credit risk identification be quantified, and their predictive
value validated against traditional models?

This study is significant both academically and practi-
cally. Academically, it moves beyond traditional reliance
on structured data, expands methodologies for credit risk
identification, and enriches the theoretical application of
alternative data. Practically, it equips banks and fintech
companies with more precise risk control tools, helping
reduce nonperforming loan rates and extending credit ac-
cess to financially excluded groups, thereby supporting the
coordinated development of inclusive and secure financial
services.

2. Literature Review

Credit risk identification has always evolved around the
two main lines of ,,data dimension expansion“ and ,,model
efficiency improvement®. At present, a three-tier system
of traditional scoring, alternative data application, and
intelligent model empowerment has been formed, but the
core research gap still needs to be filled.

Traditional credit scoring, based on the FICO model,

serves as the industry benchmark. Using a standardized
algorithm based on five factors—payment history (35%),
credit utilization (30%), and length of credit history
(15%)—it transforms dispersed credit information into a
comparable metric ranging from 0 to 850, providing an
efficient tool for large-scale consumer credit approval [3].
However, its limitations are significant: First, it fails to
capture non-traditional behavioral data such as real-time
consumption and proactive financial planning, resulting
in 15%-20% of the world‘s ,,credit-free (those with no
prior credit history) being excluded from formal financial
services [4]. Second, its reliance on static historical data
makes it difficult to dynamically reflect a borrower‘s fi-
nancial deterioration during economic downturns, making
it prone to misjudgment of risk.

The rise of alternative data is breaking through bottle-
necks in risk identification. Dynamic data such as internet
payment transactions, consumer product preferences, and
proactive repayment frequency, as well as non-financial
data such as social network interactions and device usage
habits, are becoming increasingly important supplements
to traditional data [4]. Significant empirical value: Scoring
models incorporating mobile payment data reduce non-
performing loan prediction errors by 12%-18% compared
to traditional FICO models. Cross-national studies have
also confirmed that models incorporating social network
default status and regional economic ratings achieve an
AUC of 0.7936, significantly outperforming traditional
models. However, this approach remains controversial.
Non-financial data suffers from weak credit correlation,
fragmented sources, and variable quality, which can easily
lead to model overfitting and discrimination risks.
Intelligent technology is driving model upgrades, present-
ing a path from traditional linear models to nonlinear ma-
chine learning to high-dimensional deep learning. Logistic
regression is used for regulatory compliance due to its in-
terpretability. Random forests and XGBoost, through en-
semble learning, improve their ability to capture complex
patterns in alternative data and have become core models
for fintech companies. While deep learning can process
high-dimensional, unstructured data, its ,,black box“ na-
ture conflicts with regulatory requirements. Recent break-
throughs in interpretability research include the SHAP
method, which reduces compliance review time by 70%
by quantifying feature contributions; and the TreeSHAP
algorithm, which reduces the interpretation complexity of
XGBoost models from exponential to polynomial, achiev-
ing a balance between accuracy and transparency [5-7].
Credit-free households and small and micro-enterprise as-
sessment have become research hotspots. TransUnion data
shows that Generation Z accounts for 59% of first-time
credit recipients in nine countries, including the United
States and India, and their default rates are comparable
to those of traditional borrowers. However, traditional



models struggle to identify credit potential (Wise & Chen,
2023). Regarding small and micro-enterprise assessment,
the LightGBM model, which integrates financial data and
third-party behavioral data, improves F1-score by 21.4%
compared to traditional logistic regression after using
SMOTE technology to address sample imbalance [8].
However, there is still a lack of unified standards for data
standardization and feature selection. There are two major
gaps in existing research: first, it focuses on uncontrolla-
ble variables such as the macroeconomy and ignores the
risk-indicative value of borrowers* active financial behav-
ior; second, it fails to systematically quantify the marginal
improvement of alternative data on traditional models,
making it difficult to support the refined design of risk
control strategies.
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3. Research Design and Methods

3.1 Research framework construction

Following the research framework of “feature selection—-
model building—performance evaluation—robustness
test”, using the Lending Club loan dataset as a sample, we
focus on the differences in credit risk prediction between
“traditional FICO scores” and ,,alternative features of
borrowers* controllable financial behaviour®. Through the
XGBoost model, we verify the value of alternative fea-
tures in mining the prediction space beyond FICO scores.
The core goal is to improve the accuracy and comprehen-
siveness of credit risk identification.

3.2 Variable Definition and Data Processing

3.2.1 Target variable

Based on the core requirements of credit risk assessment,
the target variable is defined as a binary categorical vari-
able to distinguish the risk level of the borrower (Table 1):

Table 1. Risk levels

Risk Type Assignment Definition

Low risk 0 The borrower repays the loan in full and on time and has no record of default

High risk 1 The borrower has committed material defal'llts such as loan write-offs or overdue payments
exceeding 90 days.

3.2.2 Core explanatory variables

Core explanatory variables were defined and pre-pro-
cessed. All variables were processed by ,,missing value

filling (continuous variables were used with mean/medi-
an, and categorical variables were trimmed with mode +
outliers (3o principle)* to ensure data quality. The specific
variable definitions are shown in Table 2:

Table 2. Definition and pre-processing table of core explanatory variables

Variable type | Variable name definition Controllability Description Data preprocessing method
Take the average of the upper and

Tradi-tional FICO average lower limits of the-FIC.O score . Uncontrollable Outlier clipping (removing

variable range to reflect the historical credit extreme values <500 or >850)
level

Missi | filled with

. . The ratio of revolving credit bal- .lssmg vajues are iied wi

Alternative Credit card o . industry mean values, and

ance to credit limit reflects the abili- Controllable . .
Features usage rate vt hort-t liabiliti outliers are trimmed (>100%
o manage short-term liabilities.
7 8 is taken as 100%)
. . Missing values are filled
. The ratio of monthly debt expendi- . g vau .
Debt-to-in- . with the sample median, and
. ture to monthly income reflects the Controllable
come ratio extreme values > 60% are
level of debt burden
removed.

Repay- The ratio of monthly loan repay- Monthly repayment amount/
ment-to-in- | ment to monthly income, reflecting Controllable monthly income, outlier trim-
come ratio repayment pressure ming (>30% is taken as 30%)
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Calculated by dividing the
.. | The ratio of open accounts to total number of open accounts by
Account activi-
accounts reflects account manage- Controllable the total number of accounts,
ty rate R ;
ment capabilities. with the value range normal-
ized to [0,1]
Categorical variables are dig-
Length of Borrower’s current years of em- . 8 . £
) ¢ | 1 Controllable itized, and missing values are
employmen oymen
POy Py filled with 2 years.
. Borrower’s housing status(OWN=2,
H t Controllabl
OUSIEYPE | \NORTGAGE=1, RENT=0) ontrofiable

3.3 Model Construction
3.3.1 Baseline Model

The input features consist solely of traditional variables
(FICO score and related indicators), with no other fea-
tures introduced. This function serves as a benchmark for
traditional credit assessment, measuring the predictive
bounds of a single FICO score and providing a reference
for comparing the performance of expanded models. The
objective function uses ,,binary: logistic* and outputs a
high-risk probability value, suitable for binary risk classi-
fication.

3.3.2 Extended Model

Building on the baseline model, we introduce alternative
features defined by the framework (controllable financial
behaviours of borrowers, such as credit card usage and re-
payment methods), creating a hybrid input of ,,FICO score

+ alternative features.” The core goal is to verify the com-
plementary value of alternative features to the prediction
space beyond the FICO score, addressing the framework‘s
requirement to ,test the marginal improvement of alter-
native features.“ The model output and objective function
are identical to those of the baseline model to ensure fair
comparison.

3.3.3 Algorithm and Verification

Based on the framework‘s specifications, we selected
XGBoost because it can capture nonlinear feature correla-
tions, supports importance assessment, and is well-suited
for risk prediction scenarios. We optimized parameters us-
ing 5-fold cross-validation with a training set: test set ratio
of 7:3. Our performance was evaluated using framework
metrics, calculating the marginal improvement of the ex-
tended model over the baseline model and quantifying the
value of the replacement features (Table 3).

Table 3. 5-fold cross-validation optimization parameters

Parameter name Value explanation
learning rate 0.1 Step size (to avoid overfitting)
max_depth 3 Tree depth (controls model complexity)

4. Empirical Analysis

4.1 Descriptive Analysis

Descriptive statistics were performed on the target vari-

ables, traditional variables, and alternative features of the
186 valid samples to reveal the overall distribution char-
acteristics of the variables. The results are shown in Table
4.

Table 4. Descriptive statistics of the overall sample

Standard 25% - | 50% -1 75% -
Variable Type | Variable Name Sample size Mean ar.l a'r Minimum o.quan o.quan u‘quan
Deviation tile tile tile
Target vari-
AESL VA | Risk Level 186 0.183 0.388 0 0 0 0
able
Traditional
. FICO average 186 685.2 324 520 660 689 780
variables
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Alternati Credit card
ernative redit car 186 68.3% 21.5% 12.1% 52.7% 71.4% 100%
Features usage rate
Debt-to-in-
evttomin 186 15.7% 6.2% 3.3% 11.2% 14.9% 58.9%
come ratio
Repay-
ment-to-in- 186 18.2% 7.4% 4.5% 12.8% 17.6% 30%
come ratio
A t activi-
ceount activi 186 0.62 0.18 021 0.49 0.63 0.85
ty rate
Length of 186 2.8 13 0 2 3 4
employment
Housing type 186 1.03 0.68 0 0 1 2

The overall sample characteristics show the following:
Risk Distribution: 152 samples are low-risk, account-
ing for 81.7%; 34 samples are high-risk, accounting for
18.3%, consistent with the general characteristic of ,,low
default rates* in the consumer credit market [9].
Traditional Credit Level: The FICO mean is 685.2, with a
standard deviation of 32.4, a 25th percentile of 660, and a
75th percentile of 710, indicating that the sample is con-
centrated in the ,,medium credit level* range, covering the
mainstream credit user group.

Alternative Characteristics Distribution: The mean credit
card usage rate is 68.3%, with a 75th percentile of 71.4%,
indicating that nearly half of the borrowers are using their
credit cards close to their credit limit, posing significant
pressure on short-term debt management; the mean debt-

to-income ratio is 15.7%, below the safety threshold of
60%, indicating that the overall debt burden is manage-
able; the mean account activity rate is 0.62, indicating
that an average of 62% of the sample accounts are active,
indicating moderate account management skills.

4.2 Comparative analysis of variables in differ-
ent risk groups

In order to preliminarily verify the indicative role of tra-
ditional variables and alternative characteristics on credit
risk, the samples were divided into a low-risk group (0)
and a high-risk group (1) according to ,risk level®. The
differences between the two groups in key variables were
compared. The results are shown in Table 5.

Table 5. Comparative analysis of variables in different risk groups

. . Low-risk high-risk Difference between
Variable Type Variable Name .
group(n=152) group(n=34) groups (low-high)
Traditional variables FICO average 698.5 642.3 56.2
Alternative Features Credit card usage rate 57.2% 89.4% -32.2%
Debt-to-income ratio 13.2% 24.5% -11.3%
Repayment-to-income ratio 15.1% 26.8% -11.7%
Account activity rate 0.68 0.45 0.23
Length of employment 32 1.9 1.3
Housing type 18.4% 4.7% 13.7%
. . Low-risk high-risk Difference between
Variable Type Variable Name .
group(n=152) group(n=34) groups (low-high)

The comparison results show that the two groups of vari-
ables are significantly different and consistent with risk
logic expectations:

Differences in Traditional Variables: The low-risk group‘s
mean FICO score (698.5) was significantly higher than
the high-risk group‘s (642.3), a difference of 56.2 points.
This confirms the traditional risk control logic that , lower

historical credit scores indicate higher default risk.*
Differences in Alternative Characteristics:

Debt Management Ability: The high-risk group‘s credit
card usage rate was close to full, significantly higher than
the low-risk group, indicating that excessive short-term
debt is a key warning sign of default.

Debt Burden: The high-risk group‘s debt-to-income ratio
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and repayment-to-income ratio were both close to safe-
ty thresholds and significantly higher than the low-risk
group, reflecting a strong correlation between high debt
pressure and default risk.

Stability Indicators: The low-risk group had higher ac-
count activity rates and employment duration than the
high-risk group, and their homeownership rate was 3.9
times that of the high-risk group, demonstrating the

risk-mitigating effects of financial stability and housing
assets.

4.3 Distribution of key classification variables

Frequency distribution analysis was conducted on the
categorical variables in the replacement characteristics to
further clarify the sample structure characteristics. The
results are shown in Tables 6 and 7.

Table 6. Distribution of employment hours

Length of employ- definition Number of samples occupation The pr(?portion of Th.e pro.portion of
ment low-risk group high-risk group
0 <l Year 28 15.1% 8.5% 52.9%
1 1-2 Year 35 18.8% 16.4% 29.4%
2 3-5 Year 52 28.0% 30.3% 14.7%
3 6-9 Year 41 22.0% 24.3% 2.9%
4 10+ Year 30 16.1% 20.5% 0%
Table 7. Distribution of housing types
Housing type definition Number of sam- occupation The pr(.)portion of Th.e pro.portion of
ples low-risk group high-risk group
0 RENT 64 34.4% 29.6% 61.8%
1 MORTGAGE 97 52.1% 56.6% 32.4%
2 OWN 25 13.5% 13.8% 5.9%

Categorical variable distribution results further validate
risk associations:

Employment duration: The shorter the employment pe-
riod, the higher the proportion of high-risk individuals.
However, there are no high-risk individuals in the 10+
years group, indicating that ,,employment stability* is an
important predictor of credit risk, consistent with the pa-
per‘s positioning of ,,controllable financial behaviour as
a proxy characteristic.

Housing type: The proportion of high-risk individuals
among renters is significantly higher than among those
with mortgages or those who own their homes, reflecting
the risk-inhibiting effect of financial stability brought by
housing assets, providing empirical support for the con-
cept of ,,housing type as a proxy characteristic.*

4.4 Summary of Descriptive Analysis

A descriptive analysis of the Lending Club sample
yields the following key conclusions: The sample as a
whole conforms to the characteristics of the consumer
credit market, with a default rate of 18.3% and average
FICO scores concentrated in the mid-range credit range,
demonstrating good data representativeness. Traditional
variables are significantly correlated with credit risk, but

alternative features can further differentiate risk. In partic-
ular, the high-risk group clusters around the characteristics
of ,,high debt, low stability, and no assets,” validating the
risk-indicating value of alternative features. Differences
in the distribution of categorical variables suggest that
,,controllable financial behaviour stability and ,,asset mit-
igation are key factors in reducing credit risk, laying the
foundation for subsequent model validation of the margin-
al contribution of alternative features [9, 10].

5. Conclusion

This paper uses the traditional FICO credit score as a
benchmark, focusing on the core dimension of ,,borrower
controllable financial behaviour” to construct alternative
features. Based on the Lending Club sample, this paper
conducts empirical testing using the XGBoost algorithm
and 50-fold cross-validation, forming an integrated re-
search approach: ,,feature selection - model construction -
performance evaluation - robustness testing and interpret-
ability analysis.*

The empirical results demonstrate that: First, alternative
features can significantly improve the ability to distin-
guish and early identify high-risk borrowers without



violating existing compliance frameworks. Compared to
the baseline model relying solely on FICO, the extended
model incorporating controllable financial behaviour fea-
tures achieves robust gains in core metrics such as AUC,
KS, and F1, effectively filling the gap in dynamic risk
signals that traditional static scores struggle to capture
and expanding the predictive space beyond FICO scores.
Second, the information on subjective repayment willing-
ness and financial stability contained in borrowers® con-
trollable financial behaviour can effectively supplement
the traditional model‘s sole reliance on historical credit
records, validating the research hypothesis that ,,controlla-
ble behaviour variables have independent risk-indicating
value.” Methodologically, this study leverages XGBoost‘s
strengths in capturing nonlinear feature correlations, com-
bined with the TreeSHAP algorithm to quantify feature
contributions. This approach not only addresses the ,,black
box“ nature of traditional models and meets regulatory re-
quirements for interpretability, but also establishes a repli-
cable ,traditional scoring + alternative features* compliant
model framework, providing a methodological reference
for credit risk modelling in the intelligent finance sector.
In terms of practical value, this study provides banks and
licensed fintech institutions with a refined risk control
solution: by introducing behavioural alternative features
alone, risk control accuracy can be improved without
replacing FICO scores. It also provides a more inclusive
credit assessment path for groups underrepresented by tra-
ditional models, promoting the coordinated development
of financial security and inclusiveness.

This study also has limitations: the sample is sourced
exclusively from Lending Club, requiring further vali-
dation of its generalizability; it fails to fully incorporate
the time-varying impact of macroeconomic cycles on
controllable financial behaviour; and the quality standard-
ization and fairness governance of alternative data require
further improvement. Future research is needed to further
strengthen the theoretical and applied foundations of intel-
ligent finance in credit risk management, focusing on the
integration of multi-source alternative data, the applica-
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tion of real-time risk control technologies, and the coordi-
nated optimization of fairness and privacy protection.
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