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Abstract: Credit risk scorecard development remains a largely expert-driven
process, despite the growing complexity of financial data and the increasing availability of
automated modeling tools. Existing approaches often focus on model selection or pipeline
optimization, but provide limited support for systematic knowledge reuse and self-
improvement across repeated modeling tasks. This paper proposes a conceptual
framework for automated and self-improving credit risk modeling pipeline generation. The
framework is designed to support the construction of end-to-end modeling pipelines
through reusable experiment history, warm-starting, and decision-based pipeline
construction. Its main contribution is the positioning of credit risk model development as a
learning process in which previous modeling experience informs future pipeline decisions.

As a conceptual study, the paper does not present empirical validation, but
establishes a methodological foundation for future prototype implementation and
evaluation against expert-driven scorecard development and existing AutoML systems.
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1. INTRODUCTION

Credit risk modeling is a core component of lending decision-making, with direct
implications for portfolio profitability, risk exposure, and long-term financial stability. In
contemporary financial practice, the development of credit risk models has become
increasingly complex due to the growing volume and dimensionality of available data, the
expansion of modeling techniques, and the need to balance predictive performance with
business-oriented objectives.

In traditional credit scoring practice, model development is still largely expert-driven.
It usually involves manual decisions related to data preparation, feature selection,
segmentation, model estimation, validation, and calibration. Although this approach
remains effective and widely used, it is time-consuming, difficult to scale, and may lead to
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inconsistencies when models are developed across different datasets, portfolios, or time
periods. This creates a need for more structured and automated approaches to credit risk
model development.

This study proposes a conceptual methodological framework for automated and
self-improving credit risk modeling pipeline generation. The proposed approach is not
limited to selecting or training a predictive model. Rather, it focuses on the construction of
the full modeling pipeline, including data processing, customer segmentation, segment-
specific model development, model selection, output generation, and knowledge reuse
across modeling iterations.

The study focuses on credit risk scorecards as a modeling approach for estimating
the probability of default and supporting credit decision-making. Within the proposed
system, scorecard development is treated as part of a broader pipeline generation
process, where previous modeling experience can be stored and reused to support future
decisions. The aim is to define a framework that can reduce development time while
preserving, at minimum, the predictive performance and business effectiveness associated
with traditional expert-driven approaches.

This research is conceptual and methodological in nature. It does not include
empirical validation or testing on real-world datasets. Instead, it defines a structured
framework intended to serve as a basis for future implementation, system extension, and
empirical evaluation.

2. LITERATURE REVIEW
2.1. Traditional Credit Risk Modeling

Traditional credit risk modeling focuses on estimating the probability that a borrower
will default on their financial obligations. These models are an integral part of the decision-
making process in financial institutions, supporting decisions related to loan approval,
credit limits, and portfolio risk management.

In consumer lending, credit scoring models, commonly referred to as scorecards,
have been widely adopted due to their interpretability, transparency, and ease of
implementation in operational environments. Among statistical techniques, logistic
regression remains the dominant approach, as it provides probabilistic outputs and allows
for clear interpretation of the relationship between borrower characteristics and default
risk.

In traditional scorecard development, variables are often transformed to improve
interpretability and predictive power. Common practices include binning of continuous
variables using Weight of Evidence (WOE) transformations, which facilitate the
assessment of variable contribution and ensure more stable model behavior (Thomas et
al., 2017).

Model performance is typically evaluated using measures of discriminatory power,
such as the Area Under the Receiver Operating Characteristic Curve (AUC), Gini
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coefficient, and Kolmogorov-Smirnov statistic. In addition to predictive accuracy, models
are assessed based on their stability over time and robustness across different samples,
as these properties are critical to real-world deployment.

Despite their widespread use, traditional statistical models have limitations. They
often rely on simplifying assumptions, such as linear relationships between predictors and
the log-odds of default, and may not fully capture complex nonlinear patterns in the data.
Furthermore, their performance is sensitive to the quality of manually engineered features.
These limitations have contributed to the growing interest in alternative approaches,
including machine learning methods, which aim to improve predictive performance.

2.2 Modern Machine Learning-based Approaches to Credit Risk Modeling

Credit risk modeling has increasingly shifted from traditional statistical approaches
toward machine learning methods. This transition is largely driven by the growing
availability of large and complex datasets, as well as the need to capture non-linear
relationships and interactions between variables that are difficult to model with classical
techniques. Machine learning models offer greater flexibility, and in many cases, improved
predictive performance, making them an attractive alternative to traditional scorecard
approaches (Dastile et al., 2020).

In order to synthesize the current state of research and identify groups of models,
along with specific models that consistently demonstrate high predictive power across
various datasets in credit risk modeling, eight systematic literature reviews were analyzed.
This literature review focuses on comparative studies published between 2020 and 2026
that evaluate the performance of statistical models and machine learning models in credit
risk scoring. Findings regarding the predictive performance of these models are
summarized in Tab.1.

Tab. 1 Summary of Literature Reviews on Model Performance in Credit Risk

Modeling

Source Focus of the study Scope Key Models Identified
Dastile et al., 2020  |Credit risk modeling methods |74 papers; 2010-2018 Ensemble models, CNN
Ciampi et al., 2021 Default models for SMEs 100+ papers; 1986-2019 |Machine learning models
Markov et al., 2022  (Credit risk modeling methods 100+ papers; 2016-2021 |[Ensemble models

Shi et al., 2022 Machine learning in credit risk  [76 papers; 2014-2022 DL, ensemble models
Alvi et al., 2024 Default prediction models 250+ papers; 2015-2024 |Hybrid models, DL, ML
Roy & Vasa, 2024 FinTech credit risk models 74 papers RF, DL

Zhang & Yu, 2024 Credit risk modeling methods 200+ papers Hybrid ensemble models
Ayari et al., 2025 Machine learning in credit risk |63 papers; 2018-2024 RF, XGBoost, CNN, DBN

Source: Compilation based on cited literature

Across the reviewed literature, ensemble-based methods are most frequently
identified as high-performing approaches. In particular, boosting algorithms and tree-based
ensembles such as Gradient Boosting, XGBoost, and Random Forest appear repeatedly
among the best-performing models across different studies and datasets.
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In addition to ensemble methods, several reviews highlight the effectiveness of
deep learning approaches, including convolutional neural networks and deep belief
networks. However, their performance is less consistently reported and appears to depend
more strongly on factors such as dataset size, feature representation, and model
configuration.

A key observation from the literature is that no single model is universally optimal.
While ensemble methods demonstrate strong and consistent performance across a wide
range of applications, the relative performance of individual models varies depending on
data characteristics, including class imbalance, feature structure, and sample size.

2.3. Meta-learning

Meta-learning, often referred to as ‘“learning to learn”, aims to improve the
performance of learning systems by leveraging experience from multiple tasks. As defined
by Hospedales et al. (2022), meta-learning is “the process of distilling the experience of
multiple learning episodes - often covering a distribution of related tasks — and using this
experience to improve future learning performance”.

Unlike traditional machine learning approaches, which treat each task
independently, meta-learning focuses on extracting knowledge about the learning process
itself. This enables models to adapt more efficiently to new tasks by utilizing previously
acquired experience, instead of starting from scratch for each new problem.

Meta-learning is closely related to several established concepts, including transfer
learning, domain adaptation, and multi-task learning. Its primary distinction lies in its
objective. Instead of transferring knowledge between specific tasks or domains, meta-
learning seeks to optimize how learning is performed.

Literature typically distinguishes between three main categories of meta-learning
approaches. Metric-based meta-learning approaches focus on learning similarity
measures in feature space, enabling adaptation to new tasks using a small number of
examples. Optimization-based methods aim to learn model initializations or update rules
that can be efficiently fine-tuned for new tasks. Model-based methods incorporate internal
memory or specialized architectures that allow models to quickly encode and utilize
information from new tasks without extensive retraining (Gharoun et al., 2024).

Meta-learning has also been incorporated into Automated Machine Learning
systems, where it is used to guide model selection and hyperparameter tuning based on
prior experience.

Despite its potential, the application of meta-learning in credit risk modeling remains
relatively limited. There is a lack of approaches that explicitly capture, store, and reuse
knowledge from previous modeling experiments within domain-specific workflows. This
suggests an opportunity for integrating meta-learning more deeply into credit risk modeling
processes.
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2.4. Automated Machine Learning

Automated Machine Learning (AutoML) has emerged as a result of the growing
complexity of machine learning workflows. AutoML systems aim to reduce expert effort in
tasks such as data preprocessing, model selection, and hyperparameter tuning. These
systems formalize model development as a search problem over a space of possible
pipelines and configurations.

Numerous AutoML frameworks have been proposed in literature. Auto-sklearn
(Feurer et al., 2015) combines Bayesian optimization with meta-learning and ensemble
construction to automatically select and tune models. It utilizes meta-features of datasets
and prior performance results to guide the search process, enhancing efficiency and the
quality of models. TPOT (Olson et al., 2016) adopts a different approach, employing
genetic programming to evolve complete machine learning pipelines, including
preprocessing steps, feature selection, and model selection. Similarly, GAMA (Gijsbers &
Vanschoren, 2019) extends this concept by incorporating asynchronous evolutionary
search and explicit logging of pipeline evaluations.

Despite these advances, existing AutoML systems remain largely general-purpose
and are not specifically designed for credit risk modeling. The literature on credit scoring
emphasizes several domain-specific requirements, including temporal stability and
alignment with business objectives. However, most AutoML frameworks focus primarily on
optimizing predictive performance using statistical metrics, without explicitly incorporating
these additional constraints.

To provide a structured comparison of existing AutoML systems, Tab.2 summarizes
selected frameworks across key capabilities related to automated machine learning. In
addition to standard dimensions such as pipeline automation, flexibility, and the use of
knowledge from prior experiments, this comparison includes a “decision-based pipeline
construction” perspective. This refers to approaches in which the pipeline is not selected
as a fixed structure but is instead built sequentially as a series of interdependent
decisions. Pipeline flexibility refers to the range of possible pipeline structures, while
decision-based construction refers to how the pipeline is built step by step.

Tab. 2 Comparison of selected AutoML systems across key capabilities

System Pipeline Pipeline Learning from PreviousDecision-Based
Automation Flexibility Experiments Construction

TPOT + +

Auto-sklearn |+ +

GAMA + +

Oracle AutoML |+ +

Source: Compilation based on cited literature

As shown in Tab.2, existing AutoML systems provide strong support for pipeline
automation, with several frameworks also allowing flexible pipeline structures. Some
approaches, such as Auto-sklearn and Oracle AutoML, incorporate elements of meta-
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learning by leveraging prior experimental results to guide model selection or accelerate the
search process. However, this use of prior knowledge is typically limited to specific
components of the pipeline and is not systematically integrated across all stages of model
development.

In addition, none of the reviewed systems explicitly model pipeline construction as a
sequence of learned, interdependent decisions. Instead, pipelines are generally selected
or optimized as complete configurations within a predefined search space. This highlights
a key limitation of current approaches, as they do not fully exploit the potential to learn
structured decision-making processes from accumulated modeling experience.

3. PROPOSED FRAMEWORK
3.1. Overview of the Framework

This study proposes a conceptual framework for automated credit risk modeling,
designed as an end-to-end pipeline that integrates data processing, segmentation, model
development, and knowledge reuse within a unified system. The framework aims to
reduce manual intervention and development time while maintaining a comparable
performance level to expert-developed scorecards.

The central idea of the framework is not only to automate individual modeling steps,
but to support the generation of complete credit risk modeling pipelines that can improve
over time through accumulated experimental knowledge.

The framework is designed as a modular system in which individual components
can be adapted independently while remaining integrated within a unified pipeline. This
structure supports iterative development and successive refinement based on intermediate
results.

Fig. 1 Block diagram of the proposed conceptual framework
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The overall structure of the framework is illustrated in Fig. 1. It consists of several
interconnected components, including data processing, customer segmentation, segment-
based model development, and output generation. These components are organized as a
sequential pipeline, where each stage transforms the input data and passes the results to
the next stage.

A key characteristic of the proposed framework is the use of segment-based
modeling, in which the overall population is divided into relatively homogeneous groups,
and separate models are developed for each segment. This approach reflects the
established practices in credit risk modeling and allows the system to better capture
differences in customer behavior and risk profiles.

Another central component is the integration of a meta-learning layer, which
operates across all stages of the pipeline. This layer is responsible for capturing and
storing information from previous modeling experiments, including dataset characteristics,
model configurations, and performance outcomes. The accumulated knowledge is then
used to guide future iterations of the pipeline.

In contrast to conventional AutoML systems, which typically treat pipeline
construction as a search over predefined configurations, the proposed framework adopts a
decision-based approach to pipeline construction. In this setting, the pipeline is not
selected as a complete structure but instead is built sequentially through a series of
interdependent decisions. Each decision is informed by the current data, the decisions
made in previous steps, and the accumulated knowledge from previous experiments. This
is intended to allow the system to progressively construct more effective modeling
pipelines. The following sections describe each component of the framework in detalil.
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3.2. Data Processing

The data processing stage forms the foundation of the proposed framework. At this
stage, the raw input data is transformed into a format suitable for subsequent modeling
steps. This stage aims to improve data quality, reduce noise, and enhance the predictive
relevance of the input variables.

Fig. 2 Data processing pipeline

Data . Feature Preliminary Feature Qutput: Structured
SE A T Anonymization 2EE FEEEEEN Engineering Selection dataset

Source: Author’s own elaboration

As illustrated in Fig. 2, the data processing stage consists of several key steps,
including data preprocessing, feature transformation, and initial feature selection.
Preprocessing involves handling missing values and treating outliers. Feature
transformation is applied to improve interpretability and stability, including techniques such
as discretization and Weight of Evidence encoding, which are commonly used in credit risk
modeling.

In addition, feature engineering may be employed to construct more informative
variables, such as ratio-based or behavioral indicators derived from the available data.
Finally, initial feature selection is performed to remove variables with low predictive
contribution, high proportion of missing values or high instability, using techniques such as
Information Value and stability measures like Population Stability Index.

3.3. Customer Segmentation

Customer segmentation enables the division of the population into groups with
relatively similar risk profiles. This is a common practice in credit risk modeling, where
differences in customer characteristics often lead to different patterns of default behavior.
By developing separate models for each segment, the framework can better capture these
differences and improve predictive performance.

Segmentation can be approached in several ways, depending on the availability of
domain knowledge and the structure of the data. In practice, three strategies are
considered: rule-based segmentation, data-driven segmentation, and a hybrid approach
combining both.

Rule-based segmentation relies on predefined criteria derived from business
knowledge and operational practice. A typical example in credit risk modeling is the
distinction between new applicants and repeat (existing) customers (Thomas et al., 2002).
This approach is widely discussed in literature, and employed in practice, as the available
data significantly differs between the two groups. Additional segmentation can be based
on product characteristics, such as installment loans and short-term credit products.
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Another significant distinction in separation criteria may be the application channel, such
as online or offline. This approach offers strong interpretability and alignment with
established industry practices. The main drawback of this approach is the limited ability to
capture more complex or latent patterns in the data.

Data-driven segmentation applies unsupervised machine learning techniques to
identify natural groupings within the data. Clustering algorithms such as k-means or
density-based methods can be used to group customers based on similarities in their
attributes without relying on predefined rules. Data-driven segmentation enables the
discovery of hidden structures and relationships that may not be captured through rule-
based segmentation. However, the resulting segments may be less interpretable and
require additional validation to ensure practical applicability.

The hybrid approach to segmentation combines rule-based and data-driven
methods to balance interpretability and adaptability. In this setting, the population is first
segmented using high-level business rules, and clustering techniques are then applied
within each group to refine the segmentation further.

Within the proposed framework, the hybrid approach is considered the primary
strategy for segmentation. This strategy allows the system to maintain interpretability while
adapting to data patterns, making it particularly suitable for credit risk modeling.

The resulting segments serve as the basis for subsequent model development,
where separate models are trained and optimized for each group.

3.4. Modeling and Hyperparameter Tuning

The modeling stage focuses on developing predictive models for each customer
segment identified in the previous step. By training separate models for relatively
homogeneous groups, the framework aims to capture segment-specific risk patterns.

Within each segment, the framework considers a set of candidate models, rather
than relying on a single predefined algorithm. This reflects the variability in model
performance across different datasets and problem settings, as highlighted in literature.
The candidate model pool may include both traditional statistical approaches and machine
learning methods to allow the system to adapt to the characteristics of the data. The
machine learning methods included in the candidate model pool are derived from the
findings presented in Section 2.2, which highlight the strong performance of ensemble-
based methods.

Model development is performed independently for each segment, using the
corresponding subset of data. This process includes training the candidate models and
evaluating their performance based on predefined criteria. Model evaluation is carried out
using appropriate validation techniques, considering both predictive accuracy and
generalization ability.
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In addition to model training, the framework incorporates hyperparameter tuning as
part of the modeling process. For each candidate model, a set of configurations is
explored to identify parameter settings that lead to improved performance.

3.5. Model Selection

Following the modeling stage, a selection process is applied to identify the most
suitable model for each customer segment. Model selection is based on a combination of
criteria rather than a single performance metric. These may include measures of predictive
accuracy, such as AUC or Gini coefficient, as well as indicators of model stability and
robustness across different samples.

Beyond statistical performance, attention is given to the use of model outputs in
decision-making processes. Predicted probabilities of default are translated into actionable
outcomes, such as approval or rejection decisions, through the application of decision
thresholds. These thresholds can be adjusted to reflect the business objectives, including
risk tolerance and profitability considerations.

The output of this stage consists of the selected model for each segment, along with
the associated decision rules. The outputs are intended for direct use in operational
environments to support consistent and automated credit decision-making.

3.6. Meta-Learning

The meta-learning layer is the component that enables the proposed framework to
function as a self-improving pipeline generation methodology. lts role is to store, organize,
and reuse knowledge from previous modeling experiments so that future pipelines are not
generated from scratch but are informed by accumulated evidence about data
characteristics, pipeline choices, and model outcomes.

The accumulated experiment history may include information about input data,
preprocessing choices, segmentation logic, selected features, candidate models,
hyperparameter configurations, validation results, stability indicators, and business-
oriented performance metrics. By storing these elements in a systematic way, the layer
forms a knowledge base that connects dataset characteristics with pipeline decisions and
model outcomes.

A key function of this layer is to support warm-starting of future modeling runs.
When a new modeling task is initiated, prior experiments with similar data characteristics
or segment profiles can be used to suggest promising starting points. For example,
previously successful model families, hyperparameter ranges, transformation strategies, or
feature selection criteria may be prioritized in the search process. This does not eliminate
the need for validation on the new data, but it can reduce unnecessary exploration and
improve the efficiency of model development.

The meta-learning layer also supports the decision-based construction of pipelines.
As identified in Tab.2, existing AutoML systems commonly automate pipeline search, but
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they do not explicitly model pipeline construction as a sequence of learned, interdependent
decisions. In the proposed approach, decisions such as preprocessing strategy,
segmentation method, model family, hyperparameter search space, and selection criteria
are treated as connected stages. Each decision can be informed by the current data, the
decisions already made in the pipeline, and accumulated knowledge from previous
experiments.

In this way, the meta-learning layer provides a conceptual mechanism for
addressing the gap between general-purpose AutoML systems and domain-specific credit
risk modeling requirements. By combining experiment history, warm-starting, and
sequential decision-based construction, it supports the development of credit risk pipelines
that can improve across repeated modeling tasks. Since the present study is conceptual,
the empirical evaluation of this layer and its practical impact is left for future research.

4. DISCUSSION AND FUTURE DIRECTIONS

The present study proposes a conceptual methodology for automated and self-
improving credit risk modeling pipeline generation. The main contribution lies not in the
introduction of a new credit scoring algorithm, but in the structuring of an end-to-end
process in which pipeline construction, model development, experiment history, and
knowledge reuse are considered as parts of a unified system. In this context,
segmentation is treated as one possible modeling strategy within the pipeline, while the
broader contribution concerns the generation and improvement of credit risk modeling
pipelines over time.

The proposed approach addresses several limitations identified in existing AutoML
systems. As summarized in Table 2, current systems provide different combinations of
automation, pipeline flexibility, and meta-learning capabilities. However, they do not
explicitly combine these properties with decision-based pipeline construction, where the
pipeline is built as a sequence of learned, interdependent decisions. This distinction is
important because flexible pipeline search does not necessarily imply that the system
learns how to construct pipelines step by step based on previous decisions and
accumulated experimental knowledge.

From a practical perspective, such a methodology may support more consistent and
efficient credit risk model development. By storing information from previous modeling runs
and reusing it in future iterations, the process can reduce repeated manual effort and
provide more informed starting points for new modeling tasks. This may be particularly
useful in environments where models are developed repeatedly across different portfolios,
customer segments, products, or time periods. At the same time, the use of a structured
pipeline can support standardization and improve the reproducibility of model development
decisions.

The main limitation of the present study is its conceptual nature. The proposed
methodology is not empirically validated, and no prototype implementation is provided.
Therefore, the expected benefits related to development time, predictive performance,
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stability, and business effectiveness remain theoretical at this stage. The practical value of
the approach would depend on several factors, including the quality and volume of
available data, the design of the experiment history, the suitability of the selected model
pool, and the effectiveness of the meta-learning mechanism.

Future research should focus first on implementation and empirical validation. A
prototype system should be developed and tested on real or benchmark credit risk
datasets. Such evaluation should compare the proposed approach against traditional
expert-driven scorecard development and existing AutoML baselines. Relevant evaluation
criteria should include development time, predictive accuracy, temporal stability,
profitability-related measures, and consistency of results across different samples and time
periods.

A further direction for future research is a more detailed analysis of existing AutoML
and meta-learning systems in relation to the capabilities summarized in Table 2. Rather
than developing a new system entirely from scratch, future work may investigate which
existing framework is closest to supporting the full set of desired properties: automated
pipeline generation, flexible pipeline structure, systematic learning from previous
experiments, and decision-based pipeline construction. This analysis could identify
concrete opportunities for extending an existing system so that the missing capabilities are
gradually incorporated.

In particular, future research should examine how experiment history can be
transformed into actionable meta-knowledge and how this knowledge can support
sequential pipeline decisions. This would move beyond the selection or optimization of
complete pipeline configurations and toward a more adaptive process in which pipeline
construction improves through accumulated experience. In this sense, the present study
provides a conceptual foundation for future work on self-improving AutoML systems for
credit risk modeling.
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