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Abstract. The rise of online lending platforms has improved
Financial accessibility but also increased credit default risk due to
information asymmetry and limited borrower profiling. Traditional
models financial and

creditworthiness rely primarily on

demographic data, which often Ffail to capture behavioral
characteristics. This study proposes a decision support model for
creditworthiness prediction by integrating personality indicators
from the Big Five Personality Traits and the California
Psychological Inventory (CPI). The framework incorporates these
personality-based features into a machine learning-driven system
alongside traditional borrower data. Psychological indicators are
quantified and assessed using multiple classification models to
evaluate their impact on predictive performance. The model's
effectiveness is measured using metrics such as accuracy,
precision, recall, Fl-score, and Area Under the Curve (AUC).
Empirical results show a significant improvement in prediction
accuracy, with the AUC rising from 0.74 in the baseline model to
0.87 after including personality features. A comparative analysis
reveals the relative contributions of each personality framework,
demonstrating that personality indicators enhance predictive
performance over traditional models. These findings emphasize
the value of incorporating behavioral factors, supporting the
development of more effective and sustainable credit risk

assessment systems.
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1 INTRODUCTION

The rapid digitalization of financial services has fundamentally transformed the global
lending landscape, with online lending platforms emerging as a prominent mechanism
For expanding financial access [1][2]. By leveraging digital infrastructures, these platforms
are able to reach previously underserved and underbanked populations, reduce
operational costs, and accelerate credit approval processes [3][4][5]. Despite these
advantages, online lending systems Face persistent challenges related to credit default
risk, largely driven by information asymmetry and limited borrower profiling [6][7]. Unlike
traditional banking institutions that rely on extensive financial histories and face-to-face
assessments, online lenders often operate with fragmented, incomplete, or non-
standardized borrower data. This limitation has increased exposure to non-performing
loans, threatening the sustainability and credibility of digital lending ecosystems [8][9][10].
As default rates rise, lenders are compelled to seek more accurate and adaptive
creditworthiness assessment mechanisms that can operate effectively within data-

constrained and high-velocity digital environments [111[12].

Conventional credit scoring models predominantly rely on financial and demographic
indicators such as income, credit history, repayment records, and employment status.
While these variables remain essential, they are increasingly insufficient for capturing
the complexity of borrower behavior in online lending contexts [11]. More recent machine
learning techniques, including decision trees, support vector machines, and ensemble
learning models, have demonstrated superior performance in modeling complex credit
risk patterns. Nevertheless, even advanced models often operate within the same
informational boundaries, as they primarily process financial data without accounting for
behavioral or psychological dimensions [13][14]. As a result, borrowers with similar
Financial profiles may exhibit substantially different repayment behaviors, leading to
misclassification errors and suboptimal credit decisions. This gap highlights the need for
alternative and complementary data sources that can enrich creditworthiness

assessment beyond traditional financial indicators [15], [16], [17], [18].
Behavioral psychology and personality theory offer valuable insights into individual

decision-making processes, particularly in contexts involving risk, self-control, and

Financial responsibility [19]. Personality traits have been shown to influence economic

Iwan Purwanto, Syandra Sari| 1046



Published By
.|I>) AsosiasiDoktor
Ll ﬁ‘ Sistem Informasi Indonesia

behavior, including saving patterns, debt management, and risk tolerance. Psychometric

models such as the Big Five Personality Traits provide a structured framework for
understanding behavioral tendencies across dimensions such as conscientiousness,
emotional stability, and openness, which are closely associated with financial discipline
and repayment behavior [20][21][22]. Similarly, the California Psychological Inventory (CPI)
offers a comprehensive assessment of interpersonal behavior, self-regulation, and social
orientation [23][7]. The integration of such personality indicators into credit assessment
has gained increasing attention as a means of reducing information asymmetry,
particularly for borrowers lacking extensive credit histories [24]. Empirical evidence
suggests that psychometric features can complement traditional credit data by capturing
latent behavioral characteristics that are otherwise unobservable in financial records.
However, the application of personality indicators in online lending remains fragmented,
with limited comparative analysis across different psychological frameworks and

insufficient integration into operational decision support systems [21][22].

Decision Support Systems (DSS) play a critical role in translating complex analytical
models into actionable insights for financial decision-makers. In the context of online
lending, DSS frameworks Facilitate the integration of diverse data sources, model outputs,
and evaluation metrics to support consistent and transparent credit decisions. Machine
learning-driven DSS architectures have demonstrated strong potential in credit risk
assessment by enabling automated Ffeature processing, adaptive learning, and
performance optimization [25][26]. Ensemble models, in particular, offer robustness by
aggregating multiple predictive algorithms, thereby reducing noise and improving
generalization. Nevertheless, the effectiveness of such systems depends not only on
algorithmic sophistication but also on the relevance and richness of input features.
Incorporating personality-based indicators into DSS Fframeworks introduces new
challenges related to data transformation, interpretability, and ethical considerations [27].
Without a structured comparative approach, it remains unclear how different
psychological models contribute to predictive performance and how they can be
systematically integrated alongside conventional borrower data within a scalable

decision support environment [28][29][30].

Despite growing interest in behavioral credit scoring, several critical gaps remain in

existing literature. First, most studies focus on single psychometric frameworks without
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evaluating their relative effectiveness in predicting creditworthiness [31]. Second, the

integration of personality indicators into decision support systems is often conceptual
rather than operational, limiting real-world applicability [32]. Third, comparative analyses
between established personality models, such as the Big Five and CPI, are scarce,

particularly within the context of online lending platforms [33].

Accordingly, the objective of this study is to develop and evaluate a machine learning-
based decision support system for online lending that integrates and compares
personality indicators derived from the Big Five Personality Traits and the California
Psychological Inventory alongside conventional borrower data. The main methodological
contribution lies in the systematic transformation and comparative evaluation of two
established psychometric frameworks within an operational DSS architecture Ffor
creditworthiness prediction. From a theoretical perspective, this study extends behavioral
credit scoring literature by empirically demonstrating the complementary roles of
distinct personality models in explaining repayment behavior beyond financial attributes.
Practically, the proposed framework offers fintech providers a scalable and behavior-
aware decision support tool that enhances predictive accuracy, supports fairer credit

decisions, and strengthens the sustainability of digital lending operations.

Addressing these gaps, this study proposes a decision support model for
creditworthiness prediction in online lending using comparative personality indicators
[34]. By systematically integrating and evaluating personality-based features derived
from both the Big Five and CPI frameworks alongside conventional borrower data, this
research aims to enhance predictive accuracy and decision reliability [35]. The proposed
model contributes to the advancement of behavior-aware credit assessment by providing
empirical evidence on the complementary roles of different psychological indicators and
offering a scalable framework for fintech providers seeking to improve risk management,

Fairness, and sustainability in digital lending systems [36].

2. METHODS

This study adopts a quantitative and model-driven research design to develop a decision

support model For creditworthiness prediction in online lending by integrating

comparative personality indicators. The methodological framework consists of several
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sequential stages, including data collection, feature construction, data reprocessing,

model development, performance evaluation, and comparative analysis. Each stage is
designed to ensure methodological rigor, reproducibility, and alignment with decision

support system principles [371[38][39].

The dataset used in this study consists of anonymized borrower records obtained from
an online lending environment, comprising both conventional credit-related attributes
and psychometric assessment results derived from the Big Five Personality Traits and
the California Psychological Inventory (CPI). The target variable is defined as a binary
creditworthiness label (default and non-default) [40]. The class distribution reflects real-
world lending conditions, where non-default cases represent the majority class and

default cases form a minority class.

To address class imbalance, stratified sampling is applied during dataset partitioning to
preserve the original class distribution. Additionally, class-weight adjustment is employed
during model training to ensure that minority default cases receive proportional
importance without altering the underlying data distribution [41][42]. Multiple
classification models are implemented, including Logistic Regression, Decision Tree,
Support Vector Machine, Random Forest, and Gradient Boosting. Hyperparameter tuning
is performed using grid search and cross-validation to ensure optimal performance and

Fair comparison [43].

Table 1. Summary of Models and Main Hyperparameters

Model Key Hyperparameters
Logistic Regression Regularization (L2), class weight = balanced
Decision Tree Maximum depth, minimum samples per leaf
Support Vector Machine Kernel = RBF, C, gamma
Random Forest Number of trees, maximum depth, class weight

Learning rate, number of estimators, maximum

depth

Gradient Boosting

Given the sensitive nature of psychometric information, ethical considerations are
explicitly incorporated into the research design. All personality data are collected with

informed consent, anonymized prior to analysis, and processed exclusively For analytical
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purposes within the decision support system [44]. Psychometric indicators are used as

complementary features rather than deterministic decision factors, thereby mitigating
risks of discrimination and misuse. The study adheres to principles of data minimization,
Fairness, transparency, and responsible Al, ensuring that personality-based insights
enhance credit assessment without compromising borrower rights or ethical standards

[45][46].

2.1. Research Framework and Model Design

The proposed method follows a decision support system (DSS) architecture that
integrates traditional borrower data with personality-based indicators derived from
psychological assessment models. The framework is structured into three main layers:
data acquisition, analytical modelling, and decision support output [47]. The data
acquisition layer focuses on collecting and organizing borrower-related information,
while the analytical layer applies machine learning techniques to predict
creditworthiness. The final layer translates model outputs into interpretable insights that
support lending decisions. This layered design ensures that the model remains scalable,

transparent, and adaptable to online lending environments.

’»» Research Framework and
Model Design

EXPERIMENTAL SETUP AND Data Mapping Stages for the Big Five and CPI
DATASET DESCRIPTION Frameworks

f B g ™
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2.2. Data Collection and Variable Construction

Borrower data used in this study consist of two primary categories: conventional credit
attributes and personality-based indicators. Conventional attributes include financial and
demographic variables commonly employed in online lending systems, such as income
level, employment status, loan amount, repayment duration, and historical repayment
behavior. Personality-based indicators are constructed using two established
psychological frameworks: the Big Five Personality Traits and the California Psychological
Inventory (CPI) [48][49][50]. Responses From psychometric instruments are transformed
into numerical representations through standardized scoring procedures. This

transformation enables psychological constructs to be

2.3. Data Mapping Stages For the Big Five and CPI Frameworks

The mapping of personality data from the Big Five and California Psychological Inventory
(CPI) Frameworks is conducted through a structured, multi-stage process to ensure
conceptual validity, analytical consistency, and compatibility with machine learning-based
decision support systems [51]. Each stage is designed to transform abstract psychological
constructs into quantitative features that can be reliably integrated with conventional

credit-related data.

1 Stage 1: Conceptual Alignment of Personality Dimensions

The initial stage involves establishing a conceptual alignment between personality
constructs and credit-related behavioral outcomes. Dimensions from the Big Five
framework—such as conscientiousness, emotional stability, and agreeableness—are
theoretically linked to Financial behavior's including repayment discipline, risk tolerance,
and compliance with contractual obligations. Similarly, CPI dimensions reflecting social
responsibility, self-control, and normative behavior are mapped to constructs relevant
to creditworthiness. This alignment ensures that only psychologically meaningful and

behaviorally relevant indicators are included in the analytical model.

2) Stage 2: Psychometric Scoring and Standardization
In the second stage, raw responses obtained from psychometric assessments are
converted into numerical scores using standardized scoring procedures defined by each

framework. To enable comparability across dimensions and respondents, all personality
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scores are normalized using z-score transformation. This standardization process

minimizes scale-related bias and ensures that no single dimension disproportionately

influences the predictive models due to measurement variance.

3) Stage 3: Dimensional Aggregation and Feature Construction

Following standardization, personality dimensions are aggregated to construct composite
indicators representing broader behavioral tendencies. For the Big Five framework,
individual item scores are aggregated into five core trait dimensions. For the CPI
Framework, related subscales are grouped to reflect higher-order behavioral attributes
such as interpersonal orientation and self-regulatory capacity. This aggregation reduces
feature sparsity and enhances model interpretability while preserving essential

behavioral information.

4) Stage 4: Cross-Framework Feature Harmonization

To enable comparative and integrated analysis, features derived from the Big Five and
CPI frameworks are harmonized through dimensional alignment and correlation analysis.
Redundant or highly correlated indicators are identified and managed to prevent
multicollinearity. This process facilitates both independent and combined modelling
scenarios, allowing the assessment of complementary and overlapping predictive

contributions across frameworks.

5) Stage 5: Integration with Credit Data

In the Final stage, the mapped personality features are merged with conventional credit-
related variables at the borrower level. All features are synchronized temporally to
ensure consistency between psychometric data and loan outcomes. The resulting unified
dataset serves as the input For machine learning models within the decision support

system, enabling behavior-aware creditworthiness prediction.

Table 2. A visual mapping table (Big Five vs. CPI vs. Credit Behavior)

Behavioral Big Five Personality Mapped Credit-
CPI Dimensions
Domain Traits Related Behaviour
Self-Regulation Responsibility, Timely loan repayment,
Conscientiousness
and Discipline Self-Control, adherence to
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Behavioral

Domain

Big Five Personality

Traits

CPI Dimensions

Mapped Credit-

Related Behaviour

Achievement via

Conformance

repayment schedules,
low delinquency

probability

Emotional

Stability

Emotional Stability

(Low Neuroticism)

Emotional
Stability,
Psychological

Well-Being

Resilience under
Financial stress,
reduced likelihood of

impulsive default

Risk

Orientation

Openness to

Experience

Flexibility,
Intellectual

Efficiency

Willingness to engage
in financial products,
adaptive response to

loan conditions

Social

Compliance

Agreeableness

Social
Responsibility,
Normative

Behaviour

Compliance with
contractual
obligations,

cooperative behaviour

with lenders

Assertiveness

and Initiative

Extraversion

Dominance, Social

Presence

Proactive
communication with
lenders,
responsiveness to

repayment reminders

Trust and

Integrity

Agreeableness,

Conscientiousness

Integrity, Law
Abidance

Lower fraud risk,
higher reliability in
self-reported

information

Decision

Consistency

Conscientiousness,

Emotional Stability

Self-Acceptance,

Responsibility

Stable financial
decision-making,
reduced volatility in

repayment behaviour
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2.4. Experimental Setup and Dataset Description

2.4.1. Dataset Description

The dataset used in this study represents anonymized borrower records collected from
an online lending environment. The data comprise both conventional credit-related
attributes and personality-based indicators, enabling a comprehensive assessment of
borrower creditworthiness. All personal identifiers are removed prior to analysis to
ensure data privacy and ethical compliance[52]. The dataset includes borrower-level
observations associated with loan applications, repayment outcomes, and psychometric

assessments.

Conventional attributes consist of demographic and Ffinancial variables commonly
employed in online lending systems, such as borrower age range, employment status,
income category, loan amount, loan tenure, and historical repayment behavior. These
variables reflect standard risk-related information used in credit scoring practices
[53]1[54]. The target variable is defined as a binary creditworthiness label, representing
loan repayment status, categorized as either non-default or default based on repayment

performance within the agreed loan period.

Personality-based indicators are derived from two established psychological frameworks:
the Big Five Personality Traits and the California Psychological Inventory (CPI). Each
framework is represented by a set of standardized dimensions that capture behavioral
tendencies relevant to financial decision-making. Psychometric responses are converted
into normalized numerical scores, allowing them to be integrated into the analytical
models. This dual-framework design enables a comparative analysis of personality

indicators within a unified dataset.

2.4.2. Experimental Design

The experimental setup is designed to systematically evaluate the contribution of
personality-based indicators to creditworthiness prediction. To ensure fair comparison,
all models are trained and tested using the same dataset and experimental conditions.
The dataset is partitioned into training and testing subsets using a stratified sampling
approach to preserve the class distribution of default and non-default cases. This
strategy reduces sampling bias and ensures that minority classes are adequately

represented during model training and evaluation [55].
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Three experimental configurations are implemented. The first configuration employs only

conventional credit attributes to establish a baseline model. The second configuration
integrates conventional attributes with Big Five personality indicators. The third
configuration combines conventional attributes with CPl-based indicators. An additional
integrated configuration incorporates both personality frameworks simultaneously to
examine potential complementary effects [56][57]. This structured experimental design
enables a direct assessment of the incremental predictive value contributed by each

personality Framework.

2.4.3. Model Training and Validation Procedure

Model training is conducted using supervised learning techniques within a cross-
validation framework. K-fold cross-validation is applied to the training dataset to
optimize model parameters and enhance generalizability. Hyperparameter tuning is
performed using grid-based search strategies, ensuring consistent optimization across
all classification algorithms [35][58]. The final model selection is based on validation
performance rather than training accuracy to minimize overfitting. To address potential
class imbalance, appropriate sampling strategies and performance metrics are applied
during model evaluation. All models are trained using identical preprocessing pipelines
to ensure methodological consistency. This controlled training and validation procedure
allows For reliable performance comparison across different Feature configurations and

learning algorithms.

2.4.4. Evaluation Metrics and Performance Assessment

Model performance is assessed using multiple evaluation metrics to capture different
aspects of predictive quality. Accuracy is used to measure overall classification
performance, while precision and recall provide insight into the model's ability to
correctly identify creditworthy and non-creditworthy borrowers. The Fl-score is
employed to balance precision and recall, particularly under imbalanced class
distributions. Additionally, the Area Under the Receiver Operating Characteristic Curve
(AUC) is used to evaluate the discriminative capability of each model across varying

decision thresholds [59][60].

Performance results are reported for each experimental configuration, enabling a

comparative analysis of models with and without personality-based indicators. Statistical
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comparisons are conducted to assess the significance of performance differences,

ensuring that observed improvements are not attributable to random variation.

2.4.5. Implementation Environment

All experiments are implemented using a standardized computational environment to
ensure reproducibility. Data preprocessing, model training, and evaluation are conducted
using widely adopted machine learning libraries. Experiments are executed on a
controlled hardware setup to maintain consistent computational performance. This
implementation approach ensures transparency and facilitates replication in Ffuture

studies.

2.5. Data Preprocessing and Feature Engineering

Prior to model development, the dataset undergoes a comprehensive pre-processing
phase to ensure data quality and consistency. Missing values are handled using
appropriate imputation techniques based on variable distribution and data type.
Continuous variables are normalized to reduce scale-related bias, while categorical
variables are encoded using suitable transformation methods. Feature engineering is
then applied to enhance predictive relevance, including the aggregation of personality
dimensions and the construction of composite indicators. This process aims to reduce
noise, improve model stability, and ensure that personality features meaningfully

contribute to creditworthiness prediction [61]1[62].

2,6. Machine Learning Model Development

To predict borrower creditworthiness, multiple classification algorithms are implemented
within the decision support framework. These models are selected to represent different
learning paradigms, including linear, non-linear, and ensemble-based approaches. Each
model is trained using the same dataset to ensure comparability. Hyperparameter tuning
is performed through cross-validation to optimize model performance and prevent
overfitting [63]. By employing multiple algorithms, the study evaluates the robustness of

personality-based features across different predictive mechanisms.
2.7. Performance Evaluation Metrics

Model performance is evaluated using widely accepted classification metrics to provide

a comprehensive assessment of predictive effectiveness. Accuracy is used to measure
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overall classification correctness, while precision and recall assess the model's ability to

correctly identify creditworthy and non-creditworthy borrowers. The Fl-score is
employed to balance precision and recall, particularly in cases of class imbalance.
Additionally, the Area Under the Curve (AUC) is used to evaluate the model's
discriminatory power across different decision thresholds. These metrics collectively

ensure a rigorous evaluation of model performance [64][65].

2.8. Comparative Analysis of Personality Indicators

A comparative analysis is conducted to examine the relative contributions of the Big Five
and CPI personality frameworks. Separate models are developed using each personality
indicator set, followed by a combined model integrating both frameworks. Performance
differences are analyzed to identify complementary or overlapping predictive strengths.
This comparative approach enables a systematic assessment of how different
psychological models influence creditworthiness prediction within the decision support

system [31].

2.9. Decision Support Output and Interpretation

The final stage of the method focuses on translating model predictions into actionable
decision support outputs. Creditworthiness scores and risk classifications are presented
in a structured fFormat that can be readily interpreted by lending decision-makers. The
system is designed to support consistent and objective credit evaluations while
maintaining Flexibility for integration into existing online lending platforms. This stage
ensures that the analytical results contribute directly to practical decision-making

processes [66][67].

The proposed method offers a structured and scalable approach Ffor integrating
personality-based indicators into creditworthiness prediction models. By combining
psychological frameworks with machine learning-driven decision support systems, this
methodology enhances predictive accuracy while maintaining interpretability and

practical relevance fFor online lending applications.
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3. RESULTS AND DISCUSSION

3.1. Baseline Creditworthiness Prediction Using Conventional Attributes

The First stage evaluates creditworthiness prediction models developed using only
conventional financial and demographic attributes. These attributes represent standard
inputs commonly employed in online lending risk assessment systems. The baseline
model produces an accuracy of 72.4%, indicating that the model correctly classifies
approximately three-quarters of borrower outcomes. Accuracy is computed as shown in

Equation 1.

TP+TN
TP+TN+FP+FN

Accuracy= ()
where 7P denotes true positives, 7N true negatives, FP false positives, and FN False
negatives. The baseline precision and recall values are 0.70 and 0.68, respectively,

calculated as shown in Equation 2 and 3.

)

.. TP
F’reC|S|on:T

3)

These results indicate that while the model performs adequately in identifying
creditworthy borrowers, it exhibits limitations in detecting high-risk borrowers, as
reflected in the moderate recall score. The Fl-score, calculated as the harmonic mean of
precision and recall, calculated as shown in Equation 4.

Fl-score=2 x Preci'si'on x Recall (4)

Precision+ Recall

is measured at 0.69. The Area Under the Receiver Operating Characteristic Curve (AUC)
reaches 0.74, suggesting moderate discriminative capability. These fFindings confirm that
conventional attributes alone provide limited behavioural insight, supporting the need

For enriched feature representation.
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3.2, Performance Improvement Through Big Five Personality Indicators

The second stage integrates Big Five personality indicators with conventional credit
attributes. The inclusion of personality-based features results in an accuracy of 79.1%,
reflecting a substantial improvement over the baseline model. Precision and recall
increase to 0.78 and 0.76, respectively, yielding an Fl-score of 0.77. The AUC value
increases to 0.82, computed by evaluating the area under the ROC curve generated from
varying classification thresholds. This improvement indicates enhanced discriminatory
power in distinguishing between default and non-default borrowers. The results suggest
that traits such as conscientiousness and emotional stability introduce meaningful
behavioural signals associated with repayment discipline and financial responsibility.
From a decision support perspective, the improved recall demonstrates a reduced
likelihood of approving high-risk borrowers, thereby strengthening risk mitigation

capabilities.

3.3. Predictive Contribution of CPI-Based Personality Indicators

In the third stage, CPI-based personality indicators are incorporated into the model
alongside conventional attributes. This configuration achieves an accuracy of 80.3%, with
precision and recall values of 0.79 and 0.77, respectively. The resulting F1-score of 0.78
indicates balanced predictive performance across borrower classes. The AUC reaches
0.84, reflecting stronger separability between borrower risk categories. CPl dimensions
emphasizing responsibility, integrity, and normative behavior appear to be particularly
effective in modeling repayment compliance. Compared to the Big Five-based
configuration, the CPl-enhanced model demonstrates slightly higher discriminative
performance, suggesting that CPI indicators capture behavioral dimensions more directly

aligned with credit obligation adherence.

3.4. Integrated Big Five and CPl Framework Analysis

To evaluate the combined effect of multiple personality frameworks, an integrated model
incorporating both Big Five and CPI indicators is developed. This configuration yields the
highest performance across all evaluation metrics, achieving an accuracy of 83.6%,
precision of 0.82, recall of 0.80, and an F1-score of 0.81. The AUC value further increases
to 0.87. The superior performance of the integrated model indicates that the two
personality frameworks provide complementary behavioral information. While the Big

Five traits capture broad dispositional tendencies, CPI indicators contribute detailed
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insights into social responsibility and self-regulation. Their integration reduces

misclassification errors by improving both sensitivity and specificity. This result validates
the methodological approach of comparative personality modeling within a unified

decision support fFramework.

3.5. Decision Support Implications and Interpretability

From a decision support system perspective, the observed performance improvements
translate directly into more reliable credit evaluation outcomes. Higher AUC values
indicate stronger ranking capability across borrower risk profiles, enabling lenders to set
more effective decision thresholds. Improved precision reduces the likelihood of granting
credit to high-risk borrowers, while enhanced recall ensures that potentially defaulting
borrowers are identified more accurately. The structured DSS framework allows these
quantitative outcomes to be operationalized as creditworthiness scores and risk
categories, supporting consistent and objective lending decisions. The integration of
personality-based indicators enhances interpretability by providing behavioral
explanations for model predictions, which is critical for trust, governance, and regulatory

compliance in fintech environments.

3.6. Discussion

The results provide empirical support for the integration of psychological constructs into
computational credit risk models. By demonstrating measurable improvements across all
evaluation metrics, this study extends existing credit scoring literature beyond purely
financial paradigms. The comparative analysis confirms that different personality
frameworks capture distinct behavioral dimensions, reinforcing the value of multi-
framework integration.Practically, the proposed model offers fintech providers a scalable
approach to improving credit risk assessment accuracy and sustainability. By embedding
personality-based indicators into machine learning-driven decision support systems,
lenders can enhance predictive reliability while supporting financial inclusion, particularly

for borrowers with limited credit histories.

Table 3. Summary of Model Performance

Model ConFfiguration Accuracy F1-score AUC
Conventional Attributes 72.4% 0.69 0.74
+ Big Five Indicators 791% 0.77 0.82
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Model ConFfiguration Accuracy F1-score AUC
+ CPI Indicators 80.3% 0.78 0.84
+ Big Five & CPI 83.6% 0.81 0.87

The results presented in Table 3 demonstrate a clear and consistent improvement in
creditworthiness prediction performance as personality-based indicators are
progressively integrated into the model. The baseline configuration, which relies solely
on conventional financial and demographic attributes, achieves an accuracy of 724, an
F1-score of 0.69, and an AUC of 0.74. These values indicate moderate predictive capability,
reflecting the limitations of traditional credit assessment approaches in capturing
behavioral heterogeneity among borrowers. In particular, the relatively modest Fl-score
suggests an imbalance between precision and recall, highlighting challenges in accurately

identifying high-risk borrowers.

The inclusion of Big Five personality indicators leads to a substantial performance
enhancement across all evaluation metrics. Accuracy increases to 79.1, while the Fl-score
improves to 0.77 and the AUC to 0.82. This improvement suggests that Big Five traits
contribute meaningful behavioral information that enhances the model's ability to
distinguish between default and non-default cases. The increase in AUC indicates
stronger discriminative power across varying decision thresholds, which is critical for

risk-sensitive lending decisions.

Further gains are observed when CPI-based indicators are incorporated. The model
augmented with CPI features achieves an accuracy of 80.3, an Fl-score of 0.78, and an
AUC of 0.84. Compared to the Big Five configuration, CPIl indicators provide slightly higher
predictive performance, implying that CPlI dimensions capture behavioral
characteristics—such as responsibility, integrity, and normative compliance—that are

closely aligned with repayment behavior.

The highest performance is attained by the integrated model combining both Big Five
and CPI indicators. This configuration records an accuracy of 83.6, an Fl1-score of 0.81,
and an AUC of 0.87, indicating a significant reduction in misclassification errors and
superior discriminative capability. The results confirm that the two personality

frameworks offer complementary predictive value, with their integration enabling a more
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comprehensive representation of borrower behavior. Overall, the findings provide strong

empirical evidence that incorporating comparative personality indicators substantially

enhances creditworthiness prediction within online lending decision support systems.

Although machine learning models demonstrate strong predictive performance in
creditworthiness assessment, their adoption in financial decision-making requires
transparency and interpretability. Regulatory demands, ethical considerations, and
institutional trust necessitate an understanding of how individual features influence
model predictions. In online lending contexts, where decisions directly affect borrowers'
access to financial resources, explainable artificial intelligence (XAl) plays a critical role
in ensuring accountability and fairness. To address this requirement, this study employs
SHapley Additive exPlanations (SHAP) to interpret the contribution of personality-based
Features within the proposed decision support model. SHAP is selected due to its strong
theoretical foundation in cooperative game theory and its ability to provide consistent
and locally accurate explanations. By attributing prediction outcomes to individual
Features, SHAP enables an interpretable decomposition of model decisions without

compromising predictive performance.

SHAP values quantify the marginal contribution of each Feature by calculating its average
contribution across all possible feature combinations. For a given model f (x), the SHAP

value ¢,for feature i is defined as shown in Equation 5.

0= Zscri SR (S U(D-FS)) Q

IF[!
where F represents the full feature set and S is a subset of features excluding i. This
Formulation ensures a fair allocation of feature contributions to each prediction. In this
study, SHAP values are computed for the best-performing integrated model that
combines conventional credit attributes with Big Five and CPI personality indicators. The
analysis focuses on both global and local explanations to capture overall feature

importance and individual-level prediction behavior.

Global SHAP analysis reveals that personality-based indicators contribute significantly to

creditworthiness prediction alongside traditional financial variables. Among the Big Five
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traits, conscientiousness emerges as one of the most influential features, consistently

exhibiting negative SHAP values for default predictions, indicating a lower likelihood of
credit default as conscientiousness increases. Emotional stability similarly demonstrates
a stabilizing effect on repayment outcomes by reducing volatility in borrower behavior.
CPl-based indicators such as responsibility, integrity, and self-control show strong global
importance, often surpassing certain conventional financial attributes in predictive
contribution. These findings suggest that CPI dimensions effectively capture normative
and compliance-oriented behaviors that are directly relevant to credit obligation
Fulfillment. The relative importance rankings further support the complementary nature

of Big Five and CPI frameworks within the integrated model.

At the individual prediction level, SHAP values provide detailed explanations of how
personality traits influence specific credit decisions. For borrowers classified as low risk,
high scores in conscientiousness and responsibility contribute positively to
creditworthiness predictions by offsetting moderate financial risk factors. Conversely,
low emotional stability or weak self-control generates positive SHAP contributions
toward default classification, even when financial indicators appear favorable. These local
explanations demonstrate the model's ability to distinguish borrowers with similar
financial profiles but different behavioral tendencies. Such differentiation is particularly
valuable in online lending environments, where traditional credit histories may be limited
or incomplete. By revealing the behavioral rationale behind each prediction, SHAP

enhances decision transparency and supports informed human oversight.

The integration of SHAP-based explanations strengthens the governance and ethical
dimensions of the proposed decision support system. Interpretable personality
contributions enable lenders to justify credit decisions in a transparent and auditable
manner, reducing concerns related to algorithmic opacity. Moreover, explainability
supports Fairness by allowing practitioners to detect potential biases arising from
disproportionate feature influence. From a decision support perspective, SHAP
explanations transform predictive outputs into actionable insights, enabling lenders to
adjust decision thresholds, refine borrower communication strategies, and design
behavior-aware risk mitigation policies. This explainable framework enhances trust in Al-
driven credit assessment while preserving the performance benefits of advanced

machine learning models.
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By integrating SHAP-based explainability into the decision support model, this study

bridges the gap between predictive accuracy and interpretability. The Ffindings
demonstrate that personality-based indicators not only improve creditworthiness
prediction but also provide transparent behavioral explanations that support responsible,

fFair, and sustainable online lending decisions.

Figure 2 illustrates the comparative performance of creditworthiness prediction models
across different Feature configurations using Accuracy, F1-score, and AUC as evaluation
metrics. The Ffigure clearly demonstrates a consistent upward trend in predictive
performance as personality-based indicators are progressively incorporated into the
model. The baseline model, which relies solely on conventional financial and demographic
attributes, shows the lowest performance across all metrics. This outcome confirms the
limited capability of traditional credit variables in capturing behavioral heterogeneity
among borrowers in online lending environments. The relatively flat slope at this stage
indicates restricted discriminative power and a higher likelihood of misclassification.vA
notable performance improvement is observed when Big Five personality indicators are
introduced. The steep increase in all three curves reflects the substantial contribution of
broad personality traits, particularly in improving model balance, as indicated by the rise
in F1-score. This suggests enhanced capability in identifying both creditworthy and high-

risk borrowers.

87.5 A

85.0 A

82.5 1

80.0 A

77.5 A

Performance Score

75.0 A

72.5 A

70.0 A

Conventional Big Five CPI Big Five + CPI
Model Configuration

Figure 2 Performance Comparation Across Model Configurations
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Further improvement is achieved with the inclusion of CPI indicators, where the curves

continue to rise, albeit at a slightly reduced gradient. This pattern indicates that CPI
dimensions provide additional behavioral granularity, particularly in modeling normative
and responsibility-oriented behaviors associated with repayment compliance. The highest
performance is attained by the integrated model combining both Big Five and CPI
indicators. The convergence of the three performance curves at their peak values
highlights the complementary nature of the two personality frameworks. This result
confirms that integrating multiple psychological perspectives enables a more
comprehensive representation of borrower behavior, leading to superior discrimination

and overall predictive reliability.

1.0 1 —— Conventional
—— Big Five
— CPI

Big Five + CPI

True Positive Rate

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figur 3 ROC-style (AUC comparison)

Figure 3 presents the Receiver Operating Characteristic (ROC) curves for each model
configuration, illustrating the trade-off between the True Positive Rate (TPR) and the
False Positive Rate (FPR) across different decision thresholds. The diagonal reference line
represents random classification performance, while curves positioned further above this
line indicate stronger discriminative capability. The ROC curve corresponding to the
model using conventional attributes only lies closest to the diagonal baseline, reflecting
its limited ability to distinguish between default and non-default borrowers. This

observation is consistent with its relatively lower AUC value, confirming that financial
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and demographic variables alone provide insufficient behavioral resolution in online

lending contexts.

The inclusion of Big Five personality indicators results in a noticeable upward shift of
the ROC curve, indicating improved sensitivity across most threshold levels. This
enhancement demonstrates that broad personality traits contribute meaningful
behavioral signals that strengthen borrower risk differentiation. A further improvement
is observed with the CPIl-based model, whose ROC curve dominates the Big Five
configuration across a wider range of false positive rates. This dominance suggests that
CPI dimensions offer more direct insights into normative behavior, responsibility, and
compliance—Ffactors closely associated with repayment outcomes. The integrated Big
Five and CPl model achieves the most convex ROC curve, consistently outperforming all
other configurations. Its superior curve shape confirms the highest AUC value and
indicates optimal discriminative power. This result provides strong visual evidence that
combining complementary personality frameworks enables more accurate and reliable

creditworthiness prediction within a decision support system.

4. CONCLUSION

This study presents a decision support model for creditworthiness prediction in online
lending by integrating comparative personality indicators derived from the Big Five
Personality Traits and the California Psychological Inventory (CPI). The Ffindings
demonstrate that conventional credit assessment approaches, which rely primarily on
financial and demographic attributes, provide limited predictive capability when applied
in digital lending environments characterized by behavioral heterogeneity. By
incorporating personality-based features, the proposed model significantly enhances
predictive accuracy, balance, and discriminative power. The comparative analysis reveals
that both personality frameworks contribute meaningful behavioral information, albeit
through different mechanisms. Big Five traits capture broad dispositional tendencies
related to self-regulation and emotional stability, while CPI indicators offer more granular
insights into normative behavior, responsibility, and integrity. The integrated use of both
frameworks yields the highest performance across all evaluation metrics, confirming

their complementary predictive value. These results provide empirical evidence that
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behavioral and psychological constructs can be effectively operationalized within

machine learning—driven decision support systems.

The inclusion of explainable artificial intelligence through SHAP-based interpretation
Further strengthens the practical relevance of the proposed model by enhancing
transparency, trust, and governance. By providing interpretable behavioral explanations
alongside predictive outcomes, the model supports more accountable and sustainable
credit decision-making, particularly in fintech environments subject to regulatory and
ethical scrutiny. Despite these contributions, several limitations should be acknowledged.
First, this study relies on a single dataset obtained from one online lending context, which
may limit the generalizability of the findings across different platforms or regulatory
environments. Second, personality indicators are derived Ffrom self-reported
psychometric instruments, which are subject to response bias and social desirability
effects. Third, the cross-sectional research design captures borrower behavior at a single
point in time and does not account for dynamic changes in personality traits or financial
behavior over the loan lifecycle. These limitations highlight opportunities for future

research to enhance robustness and external validity.
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