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Abstract

Credit risk management relies on application information, converting model predictions
into automated decisions through modeling. However, in actual business operations, data
sparsity trends: including missing values and data quality issues, these questions emerge,
diminishing the predictive capability of models. Based on data provided by De Lage
Landen International B.V., this study utilizes actual credit application data from the
company’s North American region to construct an end-to-end evaluation and deployment
framework. This study assesses the generalization capability of the base model from four
dimensions: randomness, sample size, label noise, and missing disturbance. Building
upon this foundation, this study integrates global importance screening with attribu-
tion fusion techniques, mapping continuous prediction probabilities onto three decision
intervals. Simultaneously, by leveraging surrogate models and shallow tree distillation
methods, IF-ELSE rule fragments are generated that can be directly integrated into op-
erational systems. Experimental results demonstrate that the TabPFN model maintains
stability even under conditions of small sample sizes and noisy labels, with predictive
capabilities comparable to traditional machine learning approaches. Concurrently, the
risk control decision strategy achieves high automation coverage, reducing manual review
ratios to 43.3%. This framework provides a reliable evaluation and interpretable de-
ployment solution for tabular foundational models in highly sparse financial risk control
environments.
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1 Introduction

Credit risk management is a core function of financial services, protecting an organi-
zation’s assets and cash flows by identifying, assessing, and mitigating potential risks
associated with extending credit to customers or counterparties. Its primary activities
involve predicting the likelihood of borrower default and supporting automated credit
decisions. Credit risk represents the potential loss arising from a borrower’s refusal or
inability to repay outstanding balances in full and on time. In modern credit risk man-
agement systems, the objective is to optimize automated decision-making within spec-
ified risk thresholds, thereby reducing manual intervention and enhancing operational
efficiency[1]. More specifically, the system generates automated decisions based on ex-
isting application information: Accept, Refer, and Decline. Subsequently, the manual
review phase consolidated the results into two final categories: ’Accept’ and ’Decline’.
From a modeling perspective, this task can be formalized as a supervised learning binary
classification problem[2].

Unlike fields such as natural language processing (NLP) or computer vision, credit risk
management primarily relies on tabular data, including customer-submitted application
information, transaction histories, credit records, and financial metrics. While this data
format is ubiquitous in finance, it lags significantly behind unstructured data in terms of
available scale and model performance[3]. In practical credit risk scenarios, tabular data
faces the following challenges:

• Data Sparsity: Limited historical information for new customers often results in
substantial missing values for key variables.

• Data Noise: Human errors during application entry or system processing intro-
duce measurement uncertainties.

• Limited Data: Determining sufficient data volume for robust model generalization
remains challenging across varying business conditions.

These factors lead to unstable model performance, poor transferability, and a heavy
reliance on extensive feature engineering and manual intervention to achieve usable levels.

Early credit risk prediction methods primarily relied on traditional machine learning
models such as logistic regression and decision trees. These approaches achieved risk
stratification through feature selection and scored cards, for example by constructing
credit scoring models using WOE (Weight of Evidence) and Information Value-based
filtering[4]. Such methods struggle to capture complex nonlinear relationships between
features and exhibit limited performance on high-dimensional sparse data.

In recent years, researchers have shifted their focus toward more powerful ensemble learn-
ing methods, particularly the practical application of gradient-boosted decision trees
(GBDT) approaches. Algorithms like XGBoost[5], combined with feature engineering,
have become mainstream methods for credit risk modeling. Furthermore, by incorporat-
ing regularization, automated missing value handling, and categorical feature encoding,
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these methods have significantly enhanced model predictive capabilities and robustness
against data noise. Simultaneously, deep learning approaches like MLP[6] and TabNet[7]
architectures have been explored for tabular data modeling. By incorporating atten-
tion mechanisms and representation learning, these methods aim to automatically learn
feature interactions, reducing reliance on manual feature engineering. However, on tab-
ular datasets, deep learning methods still struggle to consistently outperform well-tuned
GBDT models[8, 9].

Despite significant progress made with the aforementioned methods, two core challenges
remain when dealing with real-world business data:

Challenge 1: Performance degradation under highly sparse data.Most existing
models assume relatively complete data, underestimating the impact of extreme sparsity
on model performance. In such extreme conditions, the issue is not that models cannot
handle missing values, but rather that they struggle to extract sufficient discriminative
features from the limited available information when the missing rate is high[10].

More specifically, if three out of the five most critical fields are missing in most sam-
ples, a large number of samples become similar in feature space. The model then relies
more heavily on the few remaining fields or the “missingness itself” as proxy signals.
Consequently, predictions tend to cluster closer to the overall average risk, leading to a
significant drop in accuracy. This performance degradation with increasing missingness
rate is evident across comparative experiments with different missingness proportions. In
this context, the completeness, accuracy, and consistency of data directly impact model
reliability. In this environment, the integrity, accuracy, and consistency of data will
directly impact the reliability of the model[11].

Challenge 2: The gap between model predictions and operational deploy-
ment.Even when models demonstrate strong predictive performance during evaluation,
translating these predictions into interpretable, auditable, and deployable business rules
and procedures remains essential for real-world applications. Furthermore, AI applica-
tions in finance demand not only accuracy but also consideration of regulatory compliance
and privacy, alongside transparency and auditability. Therefore, developing a unified
framework that integrates predictive capability with interpretability remains a critical
research direction in credit risk modeling[12].

These two challenges raise deeper scientific questions: How can models maintain stable
performance under extreme data conditions? How can predictions from complex models
be transformed into actionable business insights? More specifically, this leads to the
research questions addressed in this study:

How do tabular foundation models (e.g., TabPFN) perform in real-world financial risk
management tasks under varying data scales and structural conditions (sparsity, noise,
data constraints)? What are the potential reasons for their strengths or weaknesses?

Moreover, this research question is broken down into three sub-problems:

• RQ1: What level of predictive performance and stability can the baseline model
achieve on the current dataset?

Specifically, evaluate the performance of traditional machine learning models such as
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decision trees, KNN, random forests, and XGBoost using a unified data processing
workflow and evaluation metrics.

• RQ2: How can TabPFN be effectively implemented and evaluated under this
dataset and business constraints?

Focus on the engineering implementation and evaluation methods of TabPFN,
specifically including: training configurations (how to handle high-cardinality fea-
tures, missing values, and data encoding), inference efficiency (computational over-
head on datasets of this scale), evaluation metrics (e.g., Loss, Brier Score, AUC),
and interpretable outputs (how to deploy model predictions into actual business
operations).

• RQ3: How do TabPFN and baseline models differ in performance, robustness, and
generalization under varying data scales and conditions?

This question is addressed through systematic comparative experiments. Specif-
ically, these include: variations in data scale (from 10% to 100% subsampling),
sensitivity to label noise (introducing 0%-20% noise into training labels), and sensi-
tivity to feature missingness (performance degradation as the missing rate increases
further).

These three research questions form a progressive relationship: RQ1 establishes a baseline,
RQ2 explores new methods, and RQ3 conducts systematic comparisons.

Based on the above analysis, this study proposes a credit risk assessment framework for
sparse data, aiming to enhance predictive stability and business interpretability under
extreme data conditions. This framework incorporates three core mechanisms to address
the aforementioned limitations:

• Unified Data Processing Workflow: Establish a standardized preprocessing
pipeline encompassing bucketized mapping, high-cardinality category dimensional-
ity reduction, missing value indicator variable construction, and target encoding to
ensure comparability across models under identical data conditions.

• Multi-dimensional Robustness Testing: Systematically evaluate model stabil-
ity and generalization boundaries across four dimensions: random seed variation,
subsampling of data scale, label noise injection, and feature dropout rate manipu-
lation.

• Explainability-Driven Deployment Strategy: Construct diversion strategies
based on model probability outputs, optimize manual review rates through thresh-
old search, and deploy actionable business rules via model distillation.

This study is an applied research project conducted in collaboration with De Lage
Landen International B.V. (Hereafter referred to as DLL), a wholly-owned subsidiary
of Rabobank Group and an international supplier financing organization with over e47
billion in assets. As a global leader in asset financing services, DLL provides end-to-
end financing solutions across the entire asset lifecycle in multiple verticals including
agriculture, food, healthcare, clean technology, construction, transportation, industrial,
office equipment, and technology. These solutions encompass commercial financing, retail
financing, and used equipment financing. Within this framework, this study focuses
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on leveraging artificial intelligence to optimize DLL’s automated credit decision-making
processes in North America. By utilizing real business data, this study explores the
application potential of Tabular Foundation Models under challenging conditions such as
high missing values and noisy data, aiming to reduce reliance on manual review while
enhancing decision efficiency and consistency.

The remainder of this thesis is organized as follows: Chapter 2 reviews prior work on tab-
ular data machine learning, foundational tabular models, credit risk prediction methods,
and explainable AI; Chapter 3 describes the specific details and structural analysis of the
applied dataset; Chapter 4 introduces the experimental framework, including data pro-
cessing workflows, model configurations, evaluation metrics, and model training methods;
Chapter 5 reports experimental results for baseline ML models and TabPFN, including
robustness analysis and interpretability analysis; Chapter 6 discusses explainable AI and
applies the model to real-world business decision-making; Chapter 7 discusses key find-
ings, analyzes the framework’s limitations, and explores potential extension directions;
Chapter 8 concludes the paper.
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2 Related Work

This chapter reviews the literature relevant to the sub-research, covering four directions:
machine learning methods in risk learning, tabular data modeling, foundational models
for tabular data, and explainable artificial intelligence in the financial domain.

2.1 Traditional Machine Learning Methods in Credit

Risk Management

Credit risk prediction is one of the core tasks of financial institutions. Its primary function
is to forecast the probability of default based on applicant information, which is used for
credit decision-making[1]. This section reviews the evolution of credit risk modelling,
progressing from classical statistical approaches to modern machine learning methods.

2.1.1 Starting from traditional credit scoring methods

Early credit scoring systems can be traced back to the 1950s, based on Altman’s Z-score
model and subsequent logistic regression methods[13, 14]. Using scorecards as the core
framework, these methods construct an interpretable linear model through Weight of
Evidence (WOE) coding and Information Value (IV)[4]. The core advantage of these
methods lies in their simplicity, ease of deployment, and regulatory compliance, and
remain widely used in banks and financial institutions to this day.

However, traditional scorecards have significant shortcomings. Their assumptions are
built upon linear correlations, making it difficult to capture nonlinear mapping relation-
ships. At the same time, reliance on manual feature engineering leads to lengthy model
development cycles and high maintenance costs[15]. Therefore, researchers have gradually
turned to machine learning.

2.1.2 Modern Approaches to GBDT

Gradient Boosting Decision Trees (GBDT) have become the mainstream approach for
credit risk modeling. XGBoost significantly enhances efficiency by incorporating regular-
ization and parallel computing[5]; Subsequently, LightGBM introduced a histogram-based
algorithm and a leaf-first growth strategy, further reducing computational overhead[16];
CatBoost proposed an ordered target encoding approach for categorical features, reducing
the prediction offset issue[17]. Multiple studies have demonstrated that GBDT methods
combined with appropriate feature engineering typically achieve optimal performance[18,
19]. Lessmann compared 41 credit scoring datasets and found that it outperformed tradi-
tional statistical methods on most datasets[20].Brown and Mues’ research on imbalanced
credit score data also confirms this conclusion[21].
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2.1.3 Exploration and Limitations of Deep Learning

In recent years, researchers have begun exploring the application of deep learning in the
field of credit risk. Clements proposed using sequential deep learning models to process
longitudinal credit data[22]; Kvamme applied recurrent neural networks to credit default
prediction. However, these credit data typically lack the spatial or temporal structure
that deep learning excels at[23]; secondly, on small to medium-sized datasets, deep models
are prone to overfitting[24].

2.1.4 The Unique Characteristics of Credit Data

Credit risk data possesses unique quality characteristics. Mogus analyzed data quality
issues from four dimensions: completeness, accuracy, consistency, and timeliness, pointing
out that missing values and noise are common characteristics of credit data[25]. In
practical business scenarios, new customers often lack historical credit records, and the
coverage of external data sources varies, resulting in a highly sparse feature matrix.
Additionally, certain data privacy protection requirements (such as GDPR) necessitate
anonymizing or binning sensitive fields, further complicating the modeling process.

2.2 Machine Learning for Tabular Data

Tabular data is the primary form of structured data and is widely used in the financial
sector. Tabular data possesses the following characteristics[9]:

1. Features in tables differ: Typically, numerical, categorical, and ordinal features are
mixed within tables, and there is a lack of inherent spatial or sequential relationships
between features.

2. Sample size scale: Typical tabular datasets range from thousands to hundreds of
thousands of records, demanding higher sample efficiency from the model.

3. The objective function in tabular data exhibits irregularity: the model learns a
mapping relationship between inputs and outputs, yet the decision boundary in
tabular data presents a non-smooth, non-monotonic shape. This inductive bias
conflicts with the structure of tabular data.

Based on the above characteristics, the choice of modeling methods is influenced; how-
ever, researchers have primarily explore the application of deep learning to tabular data,
with key directions including: Embedding maps categorical features into a continuous
space[6]; Subsequently, the introduction of TabNet enabled sparse attention to achieve in-
terpretable feature selection[7]; Subsequently, the emergence of the Transformer architec-
ture introduced novel approaches to such tasks. TabTransformer applies the Transformer
encoder to categorical features, leveraging self-attention mechanisms to learn contextual
relationships among features[26]; The FT-Transformer further incorporates numerical
features to achieve unified modeling of heterogeneous features[27].

Research in another direction focuses on incorporating the inductive bias of tree mod-
els into neural networks. NODE (Neural Oblivious Decision Ensembles) employs dif-
ferentiable soft decision trees, enabling the tree structure to be optimized via gradient
descent[28]. DeepGBM distills knowledge from trained GBDTs into neural networks[29].
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However, multiple benchmark studies indicate that while these methods may outperform
GBDT in specific scenarios, none consistently outperform it across most datasets[30].
This dilemma raised the question of whether models could learn tabular data through
large-scale pre-training, thereby motivating the development of foundation models for
tabular data.

2.3 Foundation Tabular Models

Foundation Models The concept originates from the field of natural language processing,
referring to a general-purpose model that is pre-trained on large-scale data and adaptable
to various downstream tasks[31]. As large language models like GPT demonstrate pow-
erful contextual learning capabilities, researchers have begun exploring the application of
this paradigm to the field of tabular data.

2.3.1 From In-Context Learning to TabPFN

In-Context Learning is one of the core capabilities of large language models, enabling
the model to accomplish new tasks by providing only a small number of examples in the
input, without requiring parameter updates[32]. The core challenge of applying ICL to
tabular data lies in enabling the model to learn a complete prediction algorithm from
limited context samples. Müller et al. proposed Prior-Data Fitted Networks (PFN)
as a solution[33]: during training, the model learns a mapping from training to test
predictions by learning on a large number of synthetic tasks sampled from the prior
distribution; during inference, training data from new tasks is directly input as context
into the model, enabling predictions without requiring model updates.

2.3.2 TabPFN Architecture and Capabilities

TabPFN applies the PFN framework to table classification, forming a foundational model
for tables[34]. The core content encompasses three aspects:

1. Synthetic Data Pre-training: TabPFN is pre-trained on millions of synthetic clas-
sification tasks sampled from structured prior knowledge.

2. Transformer architecture: The model employs a 12-layer Transformer encoder to
uniformly encode training samples (features + labels) and testing samples (features
only) into sequences. It leverages self-attention mechanisms to capture relation-
ships between samples, directly outputting the posterior prediction distribution for
testing samples.

3. Zero-shot reasoning: When encountering new tasks, TabPFN requires no fine-tuning
or hyperparameter search. It processes training data as contextual input and com-
pletes predictions in approximately one second.

TabPFN achieves state-of-the-art performance across 95 benchmark datasets, demon-
strating particularly strong advantages when the sample size is less than 10,000 and the
number of features is below 100.

The success of TabPFN has garnered widespread attention, with recent extensions in-
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cluding TabPFN v2 scaling to larger datasets through subsampling strategies[35]; Drift-
Resilient TabPFN introduces an adaptive mechanism to handle distribution drift[36];The
paper by van Breugel and van der Schaar directly states that foundational models for
tables should be the focus of research[3].

However, TabPFN still faces unresolved issues: the original model imposes rigid con-
straints on sample size and feature count; moreover, its performance under extremely
sparse conditions has yet to be systematically investigated. How does it perform in real-
world financial settings? This is precisely the core question this study seeks to address.

2.4 Explainable Artificial Intelligence in Finance

In real-world financial environments, regulatory compliance and privacy requirements
must also be considered, making model interpretability crucial. To explain predictions
from black-box models, researchers have proposed various post-hoc explanation methods:

For example, SHAP, based on the Shapley value from game theory, decomposes predic-
tions into the marginal contributions of each feature[37].LIME provides intuitive feature
weight interpretations for individual predictions by fitting local linear models near the
prediction point[38]. Integrated Gradients assign feature importance by integrating gra-
dients along the input path for neural networks[39].

However, in real-world scenarios, deploying such models as operational rules remains
challenging. Decision-makers require not merely the features contributing most to rejec-
tion, but explicit rules such as “automatic approval if condition A is met.” Additionally,
research indicates that SHAP explanations are sensitive to input perturbations, under-
mining their credibility in high-stakes decision-making[40].Therefore, this study seeks to
bridge this gap through threshold optimization and shallow decision tree distillation, con-
verting the final model predictions into directly deployable rules that balance predictive
capability with auditability.
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3 Preliminaries

This chapter introduces the theoretical foundation for subsequent experiments, formaliz-
ing credit risk assessment as a machine learning problem. It then details the architecture
and mechanisms of TabPFN, the core model of this study. Following this, it conducts a
systematic analysis of the experimental dataset and finally establishes a unified evaluation
framework.

3.1 Problem Formulation

3.1.1 Machine Learning Modeling for Credit Risk Management

The core task of credit risk assessment is to predict an applicant’s probability of default
based on their multidimensional characteristics. This process involves screening appli-
cants into three categories: Accept, Refer, and Decline. The Refer category is further
converted into Accept and Decline, ultimately formalizing the assessment as a supervised
learning binary classification problem. As shown in the figure below:

Figure 3.1: Risk Credit Management Process.

Definition 3.1 (Credit risk classification). Given a training dataset D = {(xi, yi)}Ni=1,
where xi ∈ X ⊆ Rd denotes the d-dimensional feature vector of the i-th applicant and
yi ∈ {0, 1} denotes the final decision (0=Accept, 1=Decline), the goal is to learn a map-
ping

f : X → [0, 1]

such that f(x) outputs the posterior probability P (Y = 1 | x).

In practical operations, decisions are not made directly based on the binary output of f(x),
but rather through a ternary routing strategy implemented using a probability threshold.

Definition 3.2 (Ternary triage policy). Given a threshold parameter τ ∈ (0.5, 1),
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define the decision function

gτ (x) =


Auto-Accept if f(x) ≤ 1 − τ

Auto-Decline if f(x) ≥ τ

Manual-Review otherwise.

This strategy categorizes applications into three groups: high-confidence automatic ap-
provals, high-confidence automatic rejections, and an uncertain range requiring manual
review.

3.1.2 Data Quality Assessment Metrics

Before conducting the experiment, a systematic evaluation of the data is required. There-
fore, data quality checks are performed in the following three aspects: Feature sparsity,
pseudo-noise generated by preprocessing, and feature heterogeneity

1.Feature sparsity:

Feature sparsity refers to the phenomenon where a significant proportion of values are
missing in the feature matrix. In tabular data, it can be evaluated separately at the
row level (from the sample perspective), column level (feature dimension), and overall.
Definition 3.3 (Row, Column, Overall Sparsity). Given a sample xi ∈ Rd, let its
missingness indicator be mi ∈ {0, 1}d, where mij = 1 indicates that the j-th feature
is missing for sample i (and mij = 0 otherwise). For a dataset with N samples and d
features, the row sparsity, column sparsity, and overall sparsity are defined as:

srowi =
1

d

d∑
j=1

mij, scolj =
1

N

N∑
i=1

mij, ρ =
1

Nd

N∑
i=1

d∑
j=1

mij.

When ρ is high, the effective information available for model training is extremely limited.

2.Pseudo-noise in data:

Compared to data noise, random errors, corruption, or irrelevant variations may occur
in datasets. Due to policies and privacy protections, datasets may experience systematic
information loss. Therefore, the concept of pseudo-noise is introduced. The following are
the specific definitions:

Definition 3.4 (Measurement Noise). Measurement noise refers to random distur-
bances introduced during data collection, such as a customer’s age being recorded as “280
years old” instead of “28 years old.” Such noise typically follows a random distribution.

Definition 3.5 (Pseudo-noise). Pseudo-noise refers to systematic information loss
introduced by deliberate data preprocessing, often unavoidable due to operational or
regulatory constraints. In this study, pseudo-noise primarily originates from two sources:

(a) Binning of continuous variables. Due to data privacy protection requirements,
all financial domains involving customer financial information are independently
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classified according to predetermined intervals:

x̃j = Bk, if xj ∈ [bk−1, bk),

where {B1, B2, . . . , BK} denotes the set of bin labels and {b0, b1, . . . , bK} denotes
the bin boundaries.

The specific binning scheme applied is: 100K–250K, 250K–500K, 500K–750K, 750K–
1M, and > 1M (unit: EUR). For example, in two applications, the requested
amounts are €267,500 and €490,000 respectively. After clustering, both are mapped
to the same category “250K–500K.” From a risk perspective, these two applications
may exhibit significantly different risk characteristics and belong to distinct risk
levels. However, after partitioning, this distinction is lost, and the model cannot
differentiate between them.

Meanwhile, information loss can be quantified through entropy reduction:

∆H = H(X) −H(X̃),

where H(X) is the entropy of the original continuous variable and H(X̃) is the
entropy of the binned variable. Coarser binning leads to larger ∆H.

(b) Conflation of zero values and missing values. On the other hand, the binning
process combines true zeros and missing values into a single “zero or missing”
category. This conflation obscures a potentially important distinction:

• True Zero: the applicant genuinely has no value for this attribute (e.g., a
new customer with zero existing exposure).

• Missing: the information was not collected or is unavailable (e.g., exposure
data was not queried due to cost constraints).

These two scenarios may carry fundamentally different risk implications: new users
represent unknown risks, while existing users with missing values require supple-
mentation through data quality reviews and external data sources.

3.Feature Heterogeneity: A feature set {x1, x2, . . . , xd} exhibits heterogeneity when
it contains multiple data types, including:

• Numerical features x
(num)
j ∈ R: continuous or discrete numeric values (e.g.,

employee count, years in business).

• Categorical features x
(cat)
j ∈ Cj: discrete labels from a finite set (e.g., industry

code, product type).

• Ordinal features x
(ord)
j ∈ {1, 2, . . . , K}: ordered categories (e.g., credit rating

grades).

The cardinality |Cj| of categorical features may vary significantly. High-cardinality cate-
gorical features pose particular challenges for encoding and generalization.
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3.1.3 Optimization Objective

The optimization objectives of this study consist of two layers:

Predictive performance objective. To minimize the cross-entropy loss between pre-
dicted probabilities and true labels:

Lpred = − 1

N

N∑
i=1

[yi log f(xi) + (1 − yi) log(1 − f(xi))] .

Business deployment objective. Under the constraint of maintaining automated
decision purity, Coverage measures the proportion of samples routed to the automated
decision buckets. For the auto-approval bucket, more specifically:

CoverageA(τ) =
|{i : f(xi) ≤ 1 − τ}|

N
,

and for the auto-rejection bucket,

CoverageD(τ) =
|{i : f(xi) ≥ τ}|

N
.

A higher coverage indicates that more cases can be processed automatically, thereby
reducing the workload of manual review.

Purity measures the proportion of correct decisions within each automated decision
bucket. Specifically,

PurityA(τ) =
|{i : f(xi) ≤ 1 − τ ∧ yi = 0}|

|{i : f(xi) ≤ 1 − τ}|
, PurityD(τ) =

|{i : f(xi) ≥ τ ∧ yi = 1}|
|{i : f(xi) ≥ τ}|

.

PurityA(τ) denotes the fraction of truly approvable cases among those automatically
approved, while PurityD(τ) denotes the fraction of truly rejectable cases among those
automatically rejected. Purity reflects the reliability of automated decisions.

The aim is to maximize the automated coverage rate:

max
τ

[CoverageA(τ) + CoverageD(τ)]

s.t. PurityA(τ) ≥ θ, PurityD(τ) ≥ θ.

Here, θ denotes the minimum purity threshold required for business deployment. In this
study, θ is set to 0.90. This will be discussed in greater detail in Chapter 6.

3.2 TabPFN Architecture and Mechanism

TabPFN (Tabular Prior-Data Fitted Network) is the core model evaluated in this study.
This section details its theoretical foundation, architectural design, and operational mech-
anism.
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3.2.1 From Bayesian Inference to Contextual Learning

The theoretical foundation of TabPFN lies in the connection between Bayesian inference
and in-context learning (ICL). Given a training set Dtrain = {(xi, yi)}ni=1 and a test input
xtest, the Bayesian posterior predictive distribution is:

p(ytest|xtest,Dtrain) =

∫
p(ytest|xtest, θ) p(θ|Dtrain) dθ

where θ represents model parameters and p(θ|Dtrain) is the posterior distribution over
parameters given the training data.

Computing this integral exactly is generally intractable, as it requires marginalizing over
all possible parameter configurations weighted by their posterior probability.

TabPFN circumvents this computational challenge by training a neural network qϕ to
directly approximate the posterior predictive distribution. Rather than explicitly infer-
ring parameters θ and then making predictions, the network learns to map directly from
(xtest,Dtrain) to p(ytest|xtest,Dtrain). This approach, termed in-context learning, was first
observed in large language models[41], and has since been shown to enable transform-
ers to implicitly implement learning algorithms such as gradient descent and Bayesian
inference[42].

3.2.2 Prior-Data Fitted Networks

The Prior-data Fitted Network (PFN) framework formalizes this approach. The key
insight is that instead of training on a single dataset, the model can be trained across
a distribution of datasets sampled from a prior p(T ), where each task T consists of a
training set and associated test samples.

The PFN training objective minimizes the expected cross-entropy loss across all synthetic
tasks:

LPFN = ET ∼p(T ) E(Dtrain,xtest,ytest)∼T [− log qϕ(ytest|xtest,Dtrain)]

where qϕ denotes the neural network parameterized by ϕ. Crucially, the parameters ϕ are
shared across all tasks, because neural networks learn general learning algorithms, not
task-specific parameters. After training, when presented with a new real-world dataset,
the network performs learning and prediction simultaneously in a single forward pass,
with ϕ held fixed.

This framework can be interpreted as approximating Bayesian model averaging: the
trained PFN implicitly integrates over a weighted space of possible learning algorithms,
with the weights determined by the prior distribution used during training[33]. The
quality of predictions on real-world data therefore depends critically on the alignment
between the synthetic training prior and the characteristics of real-world datasets.
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3.2.3 Synthetic Data Generation via Structural Causal Models

The performance of TabPFN relies on generating synthetic training datasets that capture
the diversity and challenges of real-world tabular data. TabPFN employs a generative
process based on Structural Causal Models (SCMs)[43].

The generation flow proceeds as follows: First, high-order hyperparameters determining
dataset attributes (such as sample size, feature count, and task difficulty) are sampled
from predefined distributions. Based on these hyperparameters, a directed acyclic graph
(DAG) G is constructed. Each node in the graph stores a vector representation, while
edges implement computational transformation mechanisms, including: small neural net-
works employing multiple activation functions, decision tree structures encoding rule
dependencies, and discretization mechanisms for generating categorical features.

During sample generation, random noise propagates from the root node of the causal
graph, undergoing transformations along edges. Feature values and target values are
extracted from randomly selected intermediate nodes, yielding samples with complex,
realistic dependencies. Post-processing introduces additional challenges: Kumaraswamy
distribution deformations introduce nonlinear distortions, quantization simulates discrete
features, and random masking simulates missing values.

Through this generative process, TabPFN was trained on approximately 100 million
synthetic datasets, each with unique causal structures, feature types, and functional
characteristics. This phase of work also constitutes the offline pre-training component,
with the process illustrated in the figure below:

Figure 3.2: TabPFN Offline Pre-training Workflow.

3.2.4 Transformer Architecture for Tabular Data

TabPFN employs a modified Transformer encoder architecture specifically designed for
the two-dimensional structure of tabular data[44]. Standard transformers treat input as
a one-dimensional sequence. TabPFN assigns a separate representation to each cell in
the table and employing a Bidirectional attention mechanism.

The architecture processes an input table with n training samples, m test samples, and
d features as follows. Each cell (i, j)representing the j-th feature of the i-th sample, and
is first encoded into an embedding vector through a linear projection. The model then

14



applies alternating attention operations: feature attention allows each cell to attend to
other features within the same sample (row), while sample attention allows each cell to
attend to the same feature across all samples (column).

During sample attention, test samples are permitted to attend to training samples but not
to each other. This ensures that predictions for different test samples remain independent
and that the training set representations are not influenced by the test set. Formally, for
test sample embeddings htest, the attention is computed as:

Attention(Qtest,Ktrain,Vtrain) = softmax

(
QtestK

T
train√

dk

)
Vtrain

Therefore, the representations of training samples can be computed once and cached,
allowing efficient prediction on multiple test samples without redundant computation.

The final layer transforms the test sample embeddings into output predictions. For clas-
sification tasks, a softmax layer produces class probability distributions. For regression
tasks, TabPFN outputs a piece-wise constant distribution over target values.

This stage is also referred to as the Online Inference phase, with the specific workflow
illustrated in the diagram below:

Figure 3.3: Online Inference Architecture for TabPFN Workflow.

Based on the probability outputs from TabPFN, this study further introduces Isotonic
Regression for post-processing probability calibration. This section will be detailed in
Chapter 4.

3.3 Dataset Description and Analysis

The dataset used in this study originates from DLL’s real-world user data in North
America. Within the company’s credit decision-making process, the system receives mul-
tidimensional information about applicants, automatically generates preliminary decision
recommendations, and subsequently undergoes manual review by specialists to produce
a final binary decision outcome. The target variable in this study is precisely this final
decision result.
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3.3.1 Dataset Quality Analysis

This dataset contains 50932 rows, 178 columns. The target variable distribution is Ac-
cept: 50.97%, Decline: 49.03%. The target variable distribution is nearly balanced. All
monetary fields are expressed in thousands of euros (K EUR) and have undergone binning.

In terms of sparsity, the overall missing rate is ρ = 60.46%. From the row dimension
perspective, As shown in Figure 3.4a, each application record has values for only 39.5%
of its features on average. This proportion is highly consistent across samples, with a
standard deviation of just 0.023, indicating that nearly all samples exhibit a “uniformly
sparse” pattern. There are no subgroups with particularly rich or poor information
content.

From the column dimension, As shown in Figure 3.4b, feature coverage exhibits extreme
polarization. Moreover, in terms of the rate of missing data, As shown in Figure 3.4c,
among 178 features, 57 are entirely empty, 87 have coverage below 5%, and only about 14
features have values across all samples. This extreme distribution implies that traditional
mean-filling strategies may introduce severe bias.

(a) Rows-Sparsity Distribution. (b) Feature-Level Distribution.

(c) Missing Rate Distribution.

Figure 3.4: Distribution of Sparsity.

After grouping by business dimension, as shown in Table 3.1, significant variations exist
in the missing rate across categories: Application Information and Exposure and Quota
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Indicators exhibit virtually no missing values; Customer and Business Attributes show
partial missingness; while Trade/Credit Behavior features are almost entirely empty. This
indicates that missingness is a systemic phenomenon driven by data collection processes
and the cost of querying external data sources.

Table 3.1: Missing-rate summary by feature group.

Feature Group Features Mean Median Range

Application/Transaction Basic Info 12 0.003 0.000 [0.00, 0.04]
Customer and Business Attributes 28 0.194 0.109 [0.00, 0.81]
Financial Product Attributes 15 0.271 0.000 [0.00, 0.81]
Exposure and Quota Indicators 20 0.002 0.000 [0.00, 0.03]
Trade/Credit Behavior 45 0.967 1.000 [0.82, 1.00]
Financial Bucket Field 58 0.012 0.000 [0.00, 0.19]

Additionally, from the perspective of pseudo-noise caused by information loss, the infor-
mation degradation introduced by binning far exceeds the impact of typical measurement
noise. Monetary variables such as loan application amount, registered risk exposure, and
down payment amount are mapped to coarse-grained intervals. Among these three vari-
ables, the “zero or missing” category accounts for 0.6%, 62.8%, and 97.9% of observations
respectively, generating spurious noise and distorting the modeling signal.

The following three typical features further illustrate this issue. First, for the risk expo-
sure bucket feature (Figures 3.5a and 3.5b), a significant distribution bias exists between
bucket label assignments and final decisions. The medium-to-high exposure ranges (e.g.,
500K–750K) are almost entirely approved, while the “zero or missing” bucket was the
only category predominantly rejected. Only a few ranges (e.g., 250K–500K) demonstrated
some risk differentiation capability, indicating the model largely learned the bucket labels
themselves. Second, regarding bill size, medium-to-large bills exhibit significantly higher
approval rates, while small bills are more likely to be rejected, reflecting a strong cor-
relation between approval decisions and transaction scale. Third, external credit scores
(FICO) exhibit extreme sparsity due to query cost constraints: among the five FICO
fields, only P1 has values in approximately 11.7% of samples, P2 is below 1%, and P3
to P5 are close to zero. This renders such features informationally worthless for the vast
majority of records.
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(a) Exposure data distribution (Set 1). (b) Exposure data distribution (Set 2).

Figure 3.5: Exposure data: Two views of the exposure data distribution.

3.4 Performance Metrics

This section establishes a unified model evaluation framework, with the following specific
metrics: Definition 3.6 ROC-AUC. Let D+ = {i : yi = 1} and D− = {i : yi =
0} denote the sets of positive and negative samples, respectively. The area under the
ROC curve (AUC) is defined as the probability that a randomly selected positive sample
receives a higher score than a randomly selected negative sample:

AUC =
1

|D+| |D−|
∑
i∈D+

∑
j∈D−

1[f(xi) > f(xj)] .

The AUC takes values in [0, 1], where larger values indicate stronger discriminative
capability[45].

Definition 3.7 Log Loss. Log loss measures the cross-entropy between predicted prob-
abilities and true labels:

LogLoss = − 1

N

N∑
i=1

[
yi log f(xi) + (1 − yi) log

(
1 − f(xi)

)]
.

The log loss takes values in [0,+∞), where smaller values indicate more accurate proba-
bilistic estimates.

Definition 3.8 Brier Score. The Brier score measures the mean squared error between
predicted probabilities and true labels:

Brier =
1

N

N∑
i=1

(
f(xi) − yi

)2
.

The Brier score takes values in [0, 1], where smaller values are better. Moreover, the Brier
score can be decomposed into a calibration component and a refinement component.

Definition 3.9 Confusion metrics. Given a decision threshold t, the predicted label
is defined as

ŷi = 1[f(xi) ≥ t] .
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Based on the confusion matrix, the following metrics are defined:

Accuracy =
TP + TN

N
, Precision =

TP

TP + FP
, Recall =

TP

TP + FN
,

F1 =
2 · Precision · Recall

Precision + Recall
.

Here, TP , TN , FP , and FN denote the numbers of true positives, true negatives, false
positives, and false negatives, respectively. Another point to note is that in subsequent
interpretability analyses of the model, a trade-off exists between manual review rates and
automated decision error rates. To address this, the concept of the Pareto frontier is
introduced for analysis, which will be explained in detail in Chapter 6[46].

The definition is as follows: Definition 3.10 Pareto Frontier. Let the threshold
parameter space be defined as

T = {τ : 0.5 < τ < 1}.

Consider the following objective functions:

• f1(τ) = ReviewRate(τ), representing manual review cost;

• f2(τ) = ErrorRate(τ) = FNA(τ) + FPD(τ), representing error exposure.

The Pareto frontier is defined as the set of all Pareto-optimal solutions:

P = {τ ∗ ∈ T : ∄ τ ∈ T such that f1(τ) < f1(τ
∗) ∧ f2(τ) < f2(τ

∗)} .

A threshold τ ∗ is Pareto-optimal if no other threshold simultaneously achieves lower
manual review cost and lower error exposure.
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4 Method

This chapter introduces the overall framework, improvement methods, and specific meth-
ods for explainable artificial intelligence.

4.1 Overview of the Framework

This study constructs a five-stage experimental framework spanning from data compre-
hension to operational deployment.As shown in Figure 4.1,

Figure 4.1: Overall Framework Process Diagram.

this framework first conducts a systematic quality assessment of the dataset to identify
key data characteristics such as sparsity, pseudo-noise, and feature heterogeneity. Based
on this foundation, it implements four classic baseline models: decision trees, KNN,
random forests, and XGBoost, under a unified data processing workflow and evalua-
tion metrics, establishing reproducible performance benchmarks corresponding to RQ1.
Subsequently, feature engineering, training, inference, and performance evaluation for
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TabPFN are completed tailored to the dataset’s characteristics, addressing RQ2. Since
TabPFN’s Transformer architecture requires pure numerical matrices as input, this stage
necessitates additional encoding and transformation steps; The fourth phase systemat-
ically evaluates model robustness under varying data degradation conditions through
perturbation experiments, including stratified subsampling, label noise injection, and
feature dropout simulation, addressing RQ3. The final phase converts model probability
outputs into auditable business rules, achieving the dual optimization goal of prediction
performance and operational deployment outlined in Section 3.1.3.

4.1.1 Data Preprocessing

This study establishes a unified pre-modeling standardization process. In terms of field
standardization and feature engineering, all continuous monetary fields were uniformly
mapped to corresponding bucketed fields. Features were organized into three categories
based on business context: application dimension, enterprise information dimension, and
CRA credit rating dimension. For high-cardinality categorical features, such as project
names, a frequency truncation strategy is employed: the top 10 most frequent categories
in the training set are retained, while the remainder are merged into a “rest” category to
reduce dimensionality and prevent overfitting.

For missing value handling, a binary missing indicator variable mij ∈ {0, 1} is generated
for each numerical feature. The missingness itself is retained as a learnable signal, and the
generated indicator column is incorporated into the categorical feature set. Subsequently,
after distinguishing between identified numerical and categorical feature columns, the
target variable is converted to “Final Decision” field and placed in the final column of
the data frame, completing the structured data preprocessing.

4.1.2 Feature Engineering

The Transformer architecture of TabPFN requires pure numerical matrices as input.
Therefore, beyond general preprocessing, categorical features and bucketed fields undergo
additional numerical conversion.

For bucketed fields, numerical mapping is performed using the median of the interval (e.g.,
“250K–500K” maps to 375). For categorical features, missing values are uniformly labeled
as “Missing”. Long-tail categories appearing fewer than 50 times in the training set are
merged into “Rare”. Categories not present in the training set within the validation and
test sets are labeled as “Unseen”.

Building upon this foundation, to mitigate the common issue of dimensionality explosion
following encoding, 5-fold hierarchical target encoding is performed on each category
column and incorporate Bayesian smoothing. The core approach involves: Partitioning
the training set into 5 folds based on label stratification; For samples in the jth fold, their
target encoding is computed solely using the target statistics of that category from the
remaining 4/5 training folds (the out-of-fold portion), ensuring each training sample’s
encoding does not directly depend on its own label. For the validation and test sets,
encoding is performed using category statistics from the entire training set.

To mitigate high variance caused by small sample sizes, Bayesian smoothing is applied to
target mean encoding: means within categories contract toward a global prior mean. The
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contraction strengthens as the number of samples in a category decreases and weakens
as the number increases, approaching the true mean of that category. Formally, this can
be expressed as:

TE(c) =
ncµc + αµ

nc + α
,

where nc is the number of samples in category c, µc is the target mean of that category,
µ is the global target mean, and α is the smoothing hyperparameter.

Additionally, to supplement category information and further stabilize model training,
frequency encoding for each category is incorporated as an auxiliary feature. Finally, the
numerical columns are concatenated with the target encoding and frequency encoding
for each category to form the feature vector, with missing values filled with −1.

4.1.3 Probability Calibration

As defined in Section 3.2, the three-way diversion strategy partitions the predicted prob-
ability using the threshold τ to partition prediction probabilities. If the original proba-
bilities exhibit systematic bias, where predicted values diverge from empirical label fre-
quencies, the threshold’s operational significance diminishes. For instance, when a model
outputs p=0.9 but the actual rejection rate is only 0.75, the purity of the automatic rejec-
tion bucket falls below the expected reliability threshold. Therefore, Isotonic Regression
is introduced for posterior probability calibration[47].

Isotonic regression is a rank-preserving regression method. Given the predicted probabil-
ity p̂i = f(xi) and the true label yi on the validation set, rank-preserving regression fits
a non-decreasing function. The problem is formulated as follows:

min
∑
i

wi(yi − ŷi)
2 subject to ŷi ≤ ŷj for Xi ≤ Xj, wi > 0 (4.1)

For the current element yi, if yi+1 is out of order with yi, the average of the two elements
is taken to replace their original values. If the next element yi+2 still does not maintain
the same order as their average, the average of these three elements is used to replace
their original values. This process continues recursively until the next element yi+mshares
the same order as them. yi+m is then designated as the new local starting element, and
the preceding process is repeated. During model calibration, the original model predicts
estimated values P (xi) on the dataset. P (xi) is sorted by magnitude and partitioned
into n bins. For each bin, the true label ratio of the samples within it is calculated. The
resulting curve is the reliability curve. Ordered regression is performed on the points of
the reliability curve to obtain the final calibrated probability.

4.2 XAI Techniques

4.2.1 Global Feature Importance

The primary task is to analyze which features contribute the most. Given the computa-
tional overhead during the model training phase, directly employing exhaustive methods
like permutation importance is prohibitively costly. Therefore, the Spearman rank corre-
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lation coefficient is adopted as the importance metric to calculate the relationship between
each feature xj and the model prediction probability p(x)[48]:

Ij = |ρS(xj, p(x))|

This method requires no access to the model’s internal structure, relying solely on the
monotonic relationship between inputs and outputs. To enhance robustness, experiments
incorporate 100-time Bootstrap resampling, with the final mean serving as the ultimate
score.

4.2.2 Local Contribution Attribution

Spearman’s rank correlation measures the overall monotonic association between fea-
tures and predicted probabilities. To further examine how each feature contributes to
prediction outcomes under the influence of other features, Shapley Values for Predic-
tion are employed in conjunction with a proxy model for local attribution analysis[40].
Specifically, the Gradient Boosting Regressor is fitted to TabPFN’s probability output
p(x), then compute the Shapley values for each feature using TreeSHAP. TreeSHAP ef-
ficiently performs weighted summation over all possible feature subsets within the tree
model structure, calculating the expected marginal contribution of each feature to the
prediction value across different feature sets to derive Shapley attribution.

To synthesize the conclusions of both methods, this study computes the rank sum of each
feature across the Spearman and SHAP rankings:

Rj = rankSpearman
j + rankSHAP

j .

The final composite importance ordering is obtained by sorting Rj in ascending order,
which provides a more robust ranking.

4.2.3 High-Confidence Binning and Rule Distillation

Based on the probability-calibrated p̃i, this section further implements the three-way
diversion strategy defined in Section 3.2 and the optimization objective from Section 3.1.3.

For threshold selection, a grid search is conducted over τ ∈ [0.50, 0.99] with step size
0.01 to identify the threshold that minimizes the manual review rate while satisfying the
purity constraints.

To convert the model’s continuous probability decision boundary into deployable busi-
ness rules, this study trains shallow decision trees to approximate the ternary binning
labels {A,Review, D}. Notably, the fitting target is not the original class labels, but
the ternary binning labels generated by the selected threshold τ ∗. The decision tree is
trained using features that rank highly in the comprehensive evaluation in Section 4.2.2,
and is regularized by limiting the maximum depth and enforcing a minimum number of
samples per leaf. Depths d d ∈ {2, 3, . . . , 10} are scanned and export the resulting tree
as a deployable IF-ELSE decision function.

Furthermore, to quantify the trade-off between the manual review rate and the automated
decision error rate, the Pareto frontier is computed for different values of τ according to

23



Definition 3.10. This analysis provides stakeholders with a set of actionable operating
points: along the frontier, any reduction in the review rate necessarily incurs increased
error exposure.
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5 Experiments and Results

This chapter systematically presents the experimental design and results of this study.
Section 5.1 describes the experimental design, dataset partitioning, baseline model config-
uration, TabPFN training, and robustness testing setup. Section 5.2 presents the exper-
imental results, discussing in turn the performance of baseline models, the performance
of TabPFN, and the specific manifestations of robustness.

5.1 Experimental Design

5.1.1 Experimental Setup

This system is implemented in PyTorch and all experiments are conducted on Databricks
compute clusters. The training and evaluation jobs are executed on GPU-enabled in-
stances equipped with an NVIDIA GeForce RTX 4060 Ti. The CPU resources are pro-
vided and managed by Databricks as part of the cluster configuration. The version of
TabPFN is V2.5.

5.1.2 Dataset Partitioning Strategy

The dataset was divided into three subsets using stratified random sampling. A fixed
random seed of 42 was used to allocate 20% of the full dataset as the test set. The
remaining 80% was further split into training and validation sets at an 8:2 ratio using
the same seed. The approval-to-rejection ratio remained balanced across all three subsets
during the stratification process.

Table 5.1: Summary of dataset splits used in the experiments. n denotes the number of
samples and d denotes the feature dimension.

Split n (samples) d (features)

Train 32,596 64
Validation 8,149 64
Test 10,187 64

Full dataset 50,932 72

Another point is that model inputs consist of two types of features: numerical features
and categorical features. Numerical features are directly used for modeling. Categorical
features undergo unified missing value handling and rare category merging before entering
the model, and are encoded to convert them into continuous numerical representations.
During categorical feature preprocessing, high-frequency categories retain their distinct
labels, while low-frequency categories are merged into a unified “other” category. Addi-
tionally, unknown categories are ignored during encoding. Furthermore, interval-scaled
variables are mapped to numerical values.
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5.1.3 Baseline Model Configuration and Parameter Tuning

This study trained four traditional supervised classifiers as baseline models. All baseline
models utilized a unified 71-dimensional numerical feature set supplemented by category
features processed through One-Hot Encoding, which expands a categorical variable into
multiple 0/1 binary features. The specific configurations are as follows:

1. Decision Tree: A decision tree recursively partitions the feature space by selecting,
at each node, the split threshold that best separates the data, yielding a root-to-
leaf if–else rule structure for prediction. Hyperparameters are tuned via grid search
with stratified 5-fold cross-validation, exploring the maximum tree depth, minimum
number of samples required to split an internal node, minimum number of samples
in a leaf node, and split criterion. Sample weights are incorporated during fitting,
and the selected configuration is evaluated on the validation and test sets.

2. K-Nearest Neighbors: For a query instance, KNN retrieves the K closest training
samples in the feature space and predicts via distance-weighted voting, using either
Euclidean or Manhattan distance as the similarity metric. Hyperparameters are
optimized using randomized search with stratified 5-fold cross-validation, sampling
the number of neighbors, distance metric, and voting weight strategy. The best
configuration is then assessed for generalization on the test set.

3. Random Forest: Random Forest trains an ensemble of decision trees on bootstrap-
resampled instances with feature subsampling, and aggregates predictions via ma-
jority voting (classification) to reduce variance and mitigate overfitting. Key hyper-
parameters, including the number of trees, maximum depth, minimum split size,
minimum leaf size, and the number of features considered per split—are tuned using
randomized search with stratified 5-fold cross-validation. Performance is reported
on the held-out test set.

4. XGBoost: XGBoost builds an additive ensemble of weak trees in a stage-wise
manner, where each successive tree fits the gradients of the loss from the previ-
ous iteration. The baseline configuration specifies the number of trees, maximum
depth, learning rate, and subsampling ratios, and employs histogram-based train-
ing for computational efficiency, with log loss as the internal evaluation objective to
promote stable probabilistic outputs. Hyperparameter tuning is conducted via ran-
domized search with stratified 5-fold cross-validation over the number of trees, tree
depth, learning rate, instance subsampling ratio, and feature subsampling ratio.
The best cross-validated model is selected and evaluated on the test set.

5.1.4 Training TabPFN

In this experiment, the training phase of TabPFN utilizes the training set for model fit-
ting, the validation set for model selection and subsequent calibration, and the test set
for final reporting. Considering that TabPFN requires conditional inference on test sam-
ples relative to training subsets when predicting probabilities, this approach introduces
increased GPU memory consumption and inference time during training. Therefore,
a batch inference strategy is adopted: dividing the prediction samples into fixed-size
batches, computing positive class probabilities batch by batch, and concatenating them
to reconstruct the complete probability vector. The model performance report covers
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both discrete classification quality and probability quality dimensions: - At the classi-
fication level, category labels are output based on a fixed threshold, and the confusion
matrix and precision calibration effects are calculated. - The calibration effect is quan-
tified by comparing changes in probability quality metrics on the test set before and
after calibration, focusing on the reduction in log loss, recall, and F1 score. For ranking
and discrimination, ROC-AUC measures the model’s ability to distinguish between two
sample classes. At the probability level, log loss and Brier score evaluate the alignment
between predicted probabilities and true labels.

Additionally, for probability calibration, the raw prediction probabilities on the validation
set serve as calibration inputs. A monotonic non-decreasing calibration mapping function
is fitted using the validation set’s true labels as the supervision signal. This mapping
is then applied to the raw prediction probabilities on the test set to obtain calibrated
probability outputs. Concurrently, this study further conducts error pattern analysis to
understand typical scenarios where the model fails: By calculating single-sample log loss,
“extreme error” samples are identified as samples exhibiting significant conflicts between
true labels and high-confidence model predictions. These are contrasted with normally
performing samples within the same true category to observe statistical differences and
distribution shifts in the input feature space. This approach helps pinpoint potential
sources of issues such as label noise, long-tail patterns, or insufficient feature coverage.

5.1.5 Robustness Testing

To evaluate the impact of data quality fluctuations encountered in real deployment scenar-
ios on predictive performance, this study designs four sets of perturbation experiments.
The evaluation metrics are consistently reported as ROC-AUC, LogLoss, and Brier Score.
Each experiment is conducted on both TabPFN and XGBoost. The experimental designs
are described as follows:

1. Random seed stability. The random seed for data splitting is set to five distinct
values: 42, 123, 456, 789, and 2024. For each seed, the training, validation, and
test sets are independently partitioned from the full dataset, and the models are
trained accordingly. The mean and standard deviation of each metric are then
computed across the five runs. This design mitigates the risk that a particular split
may disproportionately allocate “easier” samples to the test set.

2. Data-scale sensitivity. With fixed splits and a fixed seed, training is performed
on progressively larger subsets of the training set (10%, 20%, 40%, 60%, 80%,
and 100%) via stratified sampling, while the test set remains unchanged. This
experiment investigates the minimum labeled data volume required to achieve near-
saturated performance, and whether TabPFN’s zero-shot paradigm exhibits higher
data efficiency than XGBoost’s gradient-based training when labeled resources are
constrained.

3. Label noise sensitivity. Symmetric label noise is injected into the training labels
at rates of 0%, 5%, 10%, 15%, and 20%. At each noise level, the corresponding
proportion of training labels (A and D) is randomly flipped. The target encoding
is recomputed using the noisy labels, and the models are trained on the noisy data
while evaluated against clean test labels. This experiment assesses robustness under
subjective judgement differences and potential data-entry errors.
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4. Feature missing sensitivity. Missing values are randomly introduced into the
feature matrices of both the training and test sets at rates of 0%, 10%, 20%, 30%,
and 40%. This experiment simulates increasingly incomplete data conditions and
evaluates whether model performance degrades gracefully or collapses under severe
missingness.

5.2 Results

This section presents the comparison results between the baseline model and TabPFN,
and further evaluates the model’s robustness under various data perturbation conditions.

5.2.1 Baseline Model Performance

Table 5.2 and Table 5.3 present the overall performance of the four baseline models on the
validation and test sets. Overall, the ensemble tree model significantly outperformed both
single decision trees and distance-based KNN: while decision trees achieved high Recall for
the Accept class (validation set Recall=0.87, and Recall=0.88 on the test set), it exhibits
low Recall for the Decline class (Recall=0.42 on the validation set and Recall=0.41 on
the test set). This results in a high number of false negatives (FN errors) and reflects
poor probability quality. KNN significantly outperformed decision trees in Accuracy, but
its probability quality metrics were suboptimal, indicating noticeable distortion in this
task.

Among all baseline models, XGBoost achieved optimal performance on both validation
and test sets. On the validation set, XGBoost attained the highest accuracy while demon-
strating superior precision and F1 score for the Decline class, alongside lower LogLoss
and Brier scores. On the test set, XGBoost also achieved the highest accuracy, balancing
FP and FN trade-offs with stable probability quality. In comparison, Random Forest’s
discriminative performance approached XGBoost’s, but exhibited higher FN rates and
slightly weaker probability quality on the test set. Consequently, XGBoost serves as the
strongest baseline representative for subsequent evaluations.

This demonstrates that for this binary classification task, models require not only high
classification accuracy but also stable and reliable probability outputs to support subse-
quent decision-making.

Table 5.2: Baseline model performance on the validation set (n = 8149).

Model Acc P(A) R(A) F1(A) P(D) R(D) F1(D) FP FN AUC LogLoss Brier

Decision Tree 0.65 0.61 0.87 0.72 0.76 0.42 0.54 525 2325 0.875 0.544 0.183
KNN 0.79 0.79 0.80 0.79 0.79 0.77 0.78 817 908 0.863 0.702 0.137
Random Forest 0.82 0.81 0.85 0.83 0.84 0.79 0.81 610 857 0.893 0.411 0.128
XGBoost 0.83 0.81 0.86 0.84 0.85 0.79 0.82 568 842 0.894 0.405 0.127

A = Accept; D = Decline. FP = false declines (A→D); FN = false approvals (D→A).
P = Precision; R = Recall. Best results are highlighted in bold.
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Table 5.3: Baseline model performance on the test set (n = 10187).

Model Acc P(A) R(A) F1(A) P(D) R(D) F1(D) FP FN AUC LogLoss Brier

Decision Tree 0.65 0.61 0.88 0.72 0.77 0.41 0.54 614 2932 0.877 0.538 0.181
KNN 0.78 0.78 0.80 0.79 0.79 0.77 0.78 1048 1149 0.864 0.638 0.134
Random Forest 0.81 0.80 0.85 0.82 0.83 0.77 0.80 762 1139 0.895 0.412 0.130
XGBoost 0.82 0.80 0.87 0.83 0.85 0.77 0.81 688 1128 0.895 0.406 0.128

A = Accept; D = Decline. FP = false declines (A→D); FN = false approvals (D→A).
P = Precision; R = Recall. Best results are highlighted in bold.

5.2.2 TabPFN Performance

Table 5.4 shows the performance of TabPFN on the validation set and test set. Overall,
TabPFN performs very similarly to the strongest baseline XGBoost under fixed data
splits: TabPFN achieves an Accuracy of 0.82 on the test set, matching XGBoost. The
error structures of the two models are also highly consistent, indicating that TabPFN does
not significantly alter the overall trade-off between misdeclines and misaccepts. However,
it slightly reduces misdeclines while maintaining the scale of misaccepts. Regarding
probabilistic quality, TabPFN achieves LogLoss=0.405 and Brier=0.128 on the test set,
performing essentially on par with XGBoost.

Furthermore, TabPFN achieves an AUC of 0.896 on the test set, maintaining discrimi-
native capabilities comparable to strong baselines while demonstrating greater stability
in distinguishing marginal samples. More importantly, TabPFN’s outputs exhibit con-
sistency at both the classification and probability levels: it delivers reliable probability
predictions while maintaining accuracy and F1 scores comparable to optimal baselines.

Regarding probability calibration, Isotonic Regression performs post-processing on test
set probabilities, maintaining a calibrated LogLoss of 0.405. This indicates the model’s
raw probabilities already exhibit good usability, with calibration primarily enhancing
threshold interpretation consistency. Additionally, on the test set, 0.91% of extreme
error samples that should be declined were predicted with rejection probabilities p<0.1.
This proportion reflects the worst-case risk magnitude potentially exposed when applying
low-risk thresholds for automated approval, providing an intuitive reference for threshold
setting and risk control.

Table 5.4: TabPFN performance on the validation and test sets.

Split Acc P(A) R(A) F1(A) P(D) R(D) F1(D) FP FN AUC LogLoss Brier

Val 0.83 0.81 0.86 0.83 0.85 0.79 0.82 567 851 0.893 0.409 0.128
Test 0.82 0.80 0.87 0.84 0.85 0.77 0.81 664 1124 0.896 0.405 0.128

Split Calibrated LogLoss (Isotonic) Extreme errors (y = 1, p < 0.1)

Test 0.405 93 (0.91%)

Notes. A = Accept; D = Decline; FP = false declines; FN = false approvals; P = Precision; R = Recall.

5.2.3 Robustness Performance

To evaluate the model’s robustness, this section constructs experiments across four di-
mensions: random seed variation, training data scale reduction, label noise augmenta-
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tion, and feature dropout intensification. These experiments compare TabPFN against
the strongest baseline, XGBoost.

1. Random seed stability.

As shown in Table 5.5 and 5.6, both models exhibit minimal metric fluctuations
across five random seed sets, indicating strong stability for both approaches. Taking
the test set as an example, TabPFN achieves an average AUC of 0.8950, while
XGBoost yields 0.8957, a negligible difference. Regarding probabilistic quality,
XGBoost’s average LogLoss and Brier scores slightly outperform TabPFN, though
the gap remains extremely small.

Table 5.5: Robustness of TabPFN across random seeds (test set). Lower is better for
LogLoss and Brier; higher is better for AUC.

Seed AUC ↑ LogLoss ↓ Brier ↓
42 0.8953 0.4054 0.1282

123 0.8953 0.4033 0.1272
456 0.8933 0.4071 0.1282
789 0.8914 0.4112 0.1299

2024 0.8997 0.3961 0.1244
Mean ± Std 0.8950 ± 0.0031 0.4046 ± 0.0056 0.1276 ± 0.0020

Table 5.6: Robustness of XGBoost across random seeds (test set). Lower is better for
LogLoss and Brier; higher is better for AUC.

Seed AUC ↑ LogLoss ↓ Brier ↓
42 0.8940 0.4058 0.1283

123 0.8978 0.3992 0.1258
456 0.8944 0.4056 0.1280
789 0.8931 0.4084 0.1289

2024 0.8992 0.3964 0.1243
Mean ± Std 0.8957 ± 0.0026 0.4031 ± 0.0051 0.1271 ± 0.0019

2. Data-scale sensitivity.

As shown in Table 5.7 and Table 5.8, TabPFN shows a clearer advantage when the
available training data is limited. With only 10% of the training data, TabPFN
achieves an average AUC of 0.8829 ± 0.0029, compared with 0.8755 ± 0.0030 for
XGBoost. The difference is also visible in the probability-based metrics, where
TabPFN obtains a lower LogLoss of 0.4246 ± 0.0050 and a lower Brier score of
0.1347 ± 0.0018, while XGBoost obtains 0.4572 ± 0.0097 and 0.1424 ± 0.0030, re-
spectively. As the fraction of training data increases, the performance gap gradually
narrows, and the two models become more similar on the full training set.
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Table 5.7: TabPFN performance vs. training data fraction on the test set. Results are
reported as mean ± standard deviation. Higher is better for AUC, while lower is better
for LogLoss and Brier.

Fraction AUC ↑ LogLoss ↓ Brier ↓
0.1 0.8829 ± 0.0029 0.4246 ± 0.0050 0.1347 ± 0.0018
0.2 0.8886 ± 0.0023 0.4151 ± 0.0048 0.1314 ± 0.0019
0.4 0.8921 ± 0.0028 0.4091 ± 0.0051 0.1293 ± 0.0018
0.6 0.8946 ± 0.0027 0.4053 ± 0.0050 0.1279 ± 0.0020
0.8 0.8958 ± 0.0028 0.4031 ± 0.0050 0.1272 ± 0.0019
1.0 0.8971 ± 0.0032 0.4010 ± 0.0055 0.1264 ± 0.0021

Table 5.8: XGBoost performance vs. training data fraction on the test set. Results are
reported as mean ± standard deviation. Higher is better for AUC, while lower is better
for LogLoss and Brier.

Fraction AUC ↑ LogLoss ↓ Brier ↓
0.1 0.8755 ± 0.0030 0.4572 ± 0.0097 0.1424 ± 0.0030
0.2 0.8836 ± 0.0031 0.4298 ± 0.0055 0.1358 ± 0.0021
0.4 0.8906 ± 0.0030 0.4138 ± 0.0058 0.1304 ± 0.0021
0.6 0.8930 ± 0.0032 0.4083 ± 0.0062 0.1287 ± 0.0023
0.8 0.8947 ± 0.0023 0.4052 ± 0.0044 0.1279 ± 0.0018
1.0 0.8957 ± 0.0026 0.4031 ± 0.0050 0.1271 ± 0.0019

3. Label noise sensitivity.

As shown in Table 5.9 and Table 5.10, both models show a gradual performance
decline as the label noise level increases from 0% to 20%. Their AUC values de-
crease, while LogLoss and Brier scores increase, indicating that label noise affects
both ranking performance and probability quality. Under the same noise level,
TabPFN shows slightly better robustness than XGBoost. For example, at the
20% noise level, TabPFN achieves an average AUC of 0.8889 ± 0.0037, LogLoss
of 0.4703 ± 0.0060, and Brier score of 0.1470 ± 0.0018, while XGBoost obtains
0.8837 ± 0.0027, 0.4767 ± 0.0050, and 0.1500 ± 0.0016, respectively. This suggests
that TabPFN is slightly more resilient to label perturbations and maintains better
probability quality under noisy supervision.

Table 5.9: Sensitivity to label noise for TabPFN on the test set. AUC is reported as
mean ± standard deviation across five random seeds. Higher is better for AUC, while
lower is better for LogLoss and Brier.

Noise level AUC ↓ LogLoss ↑ Brier ↑
0.00 0.8971 ± 0.0032 0.4054 ± 0.0063 0.1282 ± 0.0030
0.05 0.8949 ± 0.0032 0.4124 ± 0.0051 0.1295 ± 0.0029
0.10 0.8935 ± 0.0033 0.4270 ± 0.0043 0.1331 ± 0.0021
0.15 0.8909 ± 0.0036 0.4463 ± 0.0060 0.1387 ± 0.0022
0.20 0.8889 ± 0.0037 0.4703 ± 0.0060 0.1470 ± 0.0018
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Table 5.10: Sensitivity to label noise for XGBoost on the test set. AUC is reported as
mean ± standard deviation across five random seeds. Higher is better for AUC, while
lower is better for LogLoss and Brier.

Noise level AUC ↓ LogLoss ↑ Brier ↑
0.00 0.8957 ± 0.0026 0.4058 ± 0.0088 0.1283 ± 0.0010
0.05 0.8930 ± 0.0034 0.4170 ± 0.0042 0.1308 ± 0.0015
0.10 0.8906 ± 0.0027 0.4327 ± 0.0052 0.1351 ± 0.0011
0.15 0.8874 ± 0.0038 0.4521 ± 0.0031 0.1411 ± 0.0012
0.20 0.8837 ± 0.0027 0.4767 ± 0.0050 0.1500 ± 0.0016

4. Feature-missingness sensitivity.

As shown in Table 5.11 and Table 5.12, both models exhibit performance degra-
dation as the feature missing rate increases, indicating that incomplete feature in-
formation reduces both predictive discrimination and probability quality. TabPFN
retains a small absolute advantage at several missing-rate levels. At a 40% missing
rate, it achieves an average AUC of 0.8796 ± 0.0021, LogLoss of 0.4299 ± 0.0039,
and Brier Score of 0.1369 ± 0.0014, while XGBoost obtains 0.8739 ± 0.0015, 0.4404
± 0.0033, and 0.1407 ± 0.0013, respectively. However, the margin remains limited
and should not be interpreted as strong evidence that TabPFN is more robust to
structural missingness. Rather, the results suggest that TabPFN remains compet-
itive under additional missingness, while XGBoost continues to provide a stable
reference due to its local split-based handling of missing-value patterns.

Table 5.11: Sensitivity to missing values for TabPFN on the test set. Results are reported
as mean ± standard deviation. Higher is better for AUC, while lower is better for LogLoss
and Brier.

Missing rate AUC ↑ LogLoss ↓ Brier ↓
0.0 0.8971 ± 0.0032 0.4010 ± 0.0055 0.1264 ± 0.0021
0.1 0.8904 ± 0.0029 0.4121 ± 0.0052 0.1304 ± 0.0020
0.2 0.8870 ± 0.0031 0.4175 ± 0.0057 0.1323 ± 0.0020
0.3 0.8839 ± 0.0028 0.4226 ± 0.0052 0.1342 ± 0.0018
0.4 0.8796 ± 0.0021 0.4299 ± 0.0039 0.1369 ± 0.0014

Table 5.12: Sensitivity to missing values for XGBoost on the test set. Results are reported
as mean ± standard deviation. Higher is better for AUC, while lower is better for LogLoss
and Brier.

Missing rate AUC ↑ LogLoss ↓ Brier ↓
0.0 0.8957 ± 0.0026 0.4031 ± 0.0050 0.1271 ± 0.0019
0.1 0.8877 ± 0.0023 0.4168 ± 0.0043 0.1321 ± 0.0017
0.2 0.8834 ± 0.0015 0.4243 ± 0.0034 0.1349 ± 0.0011
0.3 0.8789 ± 0.0022 0.4320 ± 0.0044 0.1377 ± 0.0016
0.4 0.8739 ± 0.0015 0.4404 ± 0.0033 0.1407 ± 0.0013

Based on the synthesis of four experiments, it can be observed that under conventional
data conditions, the overall performance of TabPFN is comparable to that of XGBoost.
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However, under perturbations such as insufficient data and increased label noise, TabPFN
demonstrates greater advantages; while under perturbations involving exacerbated fea-
ture missingness, XGBoost is more stable. Therefore, in real-world scenarios, where
risks are more likely to stem from limited samples and label uncertainty, TabPFN ex-
hibits smaller performance degradation and more stable probability mass under these two
types of perturbations. Conversely, the issue of feature missingness is better addressed
through engineered solutions involving data pipelines and missing value handling strate-
gies, thereby making TabPFN’s advantages more aligned with the deployment constraints
and risk priorities emphasized in this study.
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6 Explainable AI

In the actual credit risk control process, the value of a model extends beyond improving
offline metrics to its ability to translate predictive scores into stable actionable strategies.
The primary concern in this task is determining how many applications can be auto-
matically approved, how many should be automatically rejected, and how many must
undergo manual review. Therefore, this section applies the interpretability framework
defined in Section 4.2 to the calibrated TabPFN model. Specifically, this section intro-
duces global feature importance in Section 6.1, high-confidence binning based on Pareto-
optimal threshold selection in Section 6.2, and rule distillation via shallow decision trees
in Section 6.3.

6.1 Global Feature Importance

TabPFN’s inference mechanism relies on attention weights and does not provide a native
feature attribution interface. To address this, two complementary methods are employed
to independently evaluate feature importance, with rankings subsequently determined
through rank-sum fusion.

6.1.1 Spearman Screening

The primary objective of global interpretation is to identify which information the model
relies on to make decisions. To this end, a Bootstrap Spearman screening procedure is
applied: for each feature, the Spearman rank correlation coefficient is computed with
respect to the model-predicted probability on the validation set, while conducting 200
bootstrap resamples in parallel. This strategy captures the monotonic association be-
tween individual variables and the model output without training additional surrogate
models, and runs in O(n log n) time due to ranking operations.

As shown in Fig. 6.1, the feature importance distribution exhibits a pronounced long-
tail pattern, with the mean Spearman absolute correlation coefficients for the top 5
features ranging from 0.59 to 0.71, while the 20th feature drops to approximately 0.20.
This indicates that a small number of core features dominate the predictive behavior of
TabPFN. Bootstrap boxplots reveal that the rankings of the top 5 features remain highly
stable across 200 resamples, with interquartile ranges narrower than 0.02, indicating
reliable scoring.
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Figure 6.1: Spearman importance.

6.1.2 SHAP

To further observe the contribution of each feature to the final outcome under the influ-
ence of other features, SHAP analysis is introduced. First, this study trained a gradient-
boosted regressor as a proxy model using TabPFN’s prediction probabilities on the vali-
dation set as the regression target, in order to validate the proxy model’s fidelity. Subse-
quently, TreeShape was applied to the entire validation set to capture feature interactions
and provide directional information. Positive and negative SHAP values indicate whether
a feature increases or decreases the probability, respectively. This yielded local SHAP
attribution values for each sample across every feature. Visually.

As shown in Fig 6.2, Higher risk grades increase the probability of decline; higher credit
assessment scores reduce the probability of decline; higher values for characteristics such
as exposure amount and legal records correspondingly increase the probability of decline,
consistent with business intuition.
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Figure 6.2: Shap Value Rank.

Combine the two ranking methods by summing the Spearman rank and SHAP rank
positions for each feature, then sort the results in ascending order of rank sum. This
approach mitigates the risk of results being dominated by a single method.

As shown in Fig 6.3 and combined results,
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Figure 6.3: Rank Sum Result.

three patterns emerge from the ranking comparisons. First, features consistently rank
highly in both rankings with extremely low rank sums. This indicates that such features
not only exhibit stable monotonic marginal associations with model outputs but also
retain significant irreplaceable contributions even after controlling for other variables.
These features represent the primary direction of the prediction function;

Second, features that rank relatively low in Spearman but rise significantly in SHAP
reflect effects more likely manifested through nonlinear thresholding or interactive struc-
tures with other signals. Since Spearman evaluates only univariate marginal monotonic-
ity, the marginal relevance of such interaction-driven variables tends to be weaker, making
them prone to underestimation in feature selection; In contrast, tree-based proxy models
explicitly capture interactions through conditional splits. TreeSHAP attributes inter-
action gains back to relevant variables during sample-level attribution, elevating their
prominence in SHAP rankings. This phenomenon suggests the model’s discriminative
mechanism relies not on linear superposition of independent marginal signals, but on
conditional dependency structures and hierarchical decision logic.

The third category of features ranks highly in Spearman but declines in SHAP, indi-
cating their strong marginal correlation likely stems primarily from shared information
with other variables. When the model makes predictions in the joint feature space, the
independent gain of such variables is shared by correlated variables, leading to reduced
weighting in SHAP’s contribution decomposition. This result suggests that relying solely
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on marginal correlation amplifies the importance of redundant signals, thereby impairing
the ability to identify true decision drivers.

In summary, relying solely on Spearman screening omits interaction-driven features, while
SHAP alone may overemphasize the approximation quality of proxy models and remain
sensitive to fitting biases. Rank-sum fusion mitigates the risk of systematic omissions
inherent in either method by intersecting their respective bias directions, making it a
more suitable foundation for subsequent feature selection and simplification.

6.2 Decision Bucket and Automation Analysis

To address the operational question of which applications can be automatically approved
or declined, and which ones require manual review, this study converts TabPFN’s pre-
dicted decline probability p̂ into three decision buckets. Specifically, applications are
assigned to Auto-Accept when p̂ ≤ 1− τ , to Auto-Decline when p̂ ≥ τ , and to Man-
ual Review otherwise, i.e., 1 − τ < p̂ < τ . This bucketing mechanism maps continuous
scores to actionable decisions, enabling direct quantification of automation coverage and
error exposure.

The threshold τ is selected using a safety-constrained optimization criterion. On the
validation set, τ is swept over τ ∈ [0.50, 0.99) with a step size of 0.01. The search
enforces that the purity of the Auto-Accept bucket (fraction of true Accepts within the
bucket) and the purity of the Auto-Decline bucket (fraction of true Declines within the
bucket) are both at least 90%. Among all feasible thresholds satisfying this two-sided
purity constraint, the optimal τ is chosen to minimize the proportion of samples assigned
to Manual Review. This procedure is conducted exclusively on the validation set to
avoid selection bias; the test set is used only to evaluate threshold transferability and
operational performance.

The optimal threshold on the validation set is τ ∗ = 0.84. When applied to the test
set, the high-confidence acceptance bucket achieves 27.3% coverage with 90.5% purity,
and the high-confidence rejection bucket achieves 29.4% coverage with 93.7% purity; the
remaining 43.3% of cases are routed to manual review. Overall, 56.7% of applications
(5,772 cases) can be decided without human intervention, substantially reducing manual
workload and demonstrating the practical translation from probabilistic prediction to
process automation.

Based on the results in Table 6.1, in terms of error exposure, this threshold yields 264
false negatives (FN; true Decline but automatically approved, 2.6% of the test set) and
188 false positives (FP; true Accept but automatically declined, 1.8% of the test set).
These error types are asymmetric in business impact: FNs correspond to potential credit
losses and risk spillover and are typically more costly, whereas FPs primarily represent
opportunity costs and can be mitigated via review/appeal mechanisms or by adopting a
more conservative threshold.
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Table 6.1: High-confidence decision buckets on the test set at τ = 0.84. Coverage denotes
the proportion of samples assigned to each bucket; purity denotes the proportion of correct
decisions within the bucket (Accept purity for High-conf A, Decline purity for High-conf
D).

Bucket n Coverage (%) Purity (%)
High-conf A (Auto-Accept) 2,778 27.27 90.50
High-conf D (Auto-Decline) 2,994 29.39 93.72
Mid/Review (Manual) 4,415 43.34 –

6.3 Efficiency and Pareto Trade-offs in Threshold

The choice of the threshold τ inherently reflects a Pareto trade-off between automation
efficiency and decision safety. As τ increases, the system triggers auto-approval and auto-
decline only under higher confidence, which reduces the overall error rate but increases
the proportion of applications routed to manual review. Conversely, lowering τ expands
automated coverage at the cost of higher error exposure. To characterize this trade-off,
τ is swept over the candidate range τ ∈ [0.50, 0.98] on the test set. For each threshold,
bucket purity, review rate, the numbers of false approvals (FN) and false declines (FP),
and the overall error rate are recorded.

As shown in Figure 6.4 and Table 6.2, the efficiency–security trade-off exhibits clear
diminishing marginal returns. For example, when τ increases from 0.70 to 0.84, the
review rate rises by 25.5 percentage points, whereas false negatives (FN) decrease from
568 to 215, corresponding to a 62% reduction. At the same time, the overall error rate
drops from 10.8% to 4.7%. This suggests that, within a moderate threshold range, a
limited reduction in automated coverage can yield substantial risk reduction. However,
when the threshold is further increased to τ = 0.90, the review rate increases by an
additional 16.1 percentage points, while FN decreases by only 127 cases, indicating that
marginal safety gains begin to diminish.

Under the dual constraints on bucket purity and coverage described in the previous
section, τ = 0.84 achieves the lowest review rate among all feasible thresholds. It can
therefore be regarded as a Pareto-optimal operating point, as it maximizes automation
coverage while satisfying the minimum safety requirements.
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Figure 6.4: Efficiency trade-off across thresholds τ .

Table 6.2: Operational metrics of decision buckets under different thresholds τ on the test
set. Purity is reported for the Auto-Accept and Auto-Decline buckets; Review denotes
the proportion routed to manual review. FN indicates false approvals, where true Decline
cases are auto-accepted, and FP indicates false declines, where true Accept cases are auto-
declined.

τ Accept purity (%) Decline purity (%) Review (%) FN FP Error (%)

0.70 84.7 89.7 17.1 568 314 10.8
0.75 86.1 91.2 24.0 465 251 8.8
0.80 87.9 92.5 33.2 342 197 6.6
0.84 90.4 93.2 42.6 215 167 4.7
0.87 91.8 93.9 50.1 146 140 3.5
0.90 93.5 94.5 58.7 88 116 2.5
0.95 96.3 96.7 76.1 31 53 1.0

To further examine the operational implications of data quality degradation on the de-
ployment strategy, the Pareto frontier is recomputed under two perturbation regimes:
label noise and feature missingness.

As shown in Figure 6.5, label noise exerts a pronounced and asymmetric effect on the
Pareto frontier. Under clean labels (η = 0), the optimal threshold τ ∗ = 0.83 achieves
a review rate of 40.8% with an error rate of 4.8%. At 5% label noise, the frontier
shifts rightward and upward. As a result, the system must adopt a substantially more
conservative threshold (τ ∗ = 0.91) to preserve bilateral purity above 90%, raising the
minimum feasible review rate to 60.7%. At 10% noise, the review rate reaches 80.4%,
indicating that label uncertainty severely constrains automation coverage.

Beyond this point, the bilateral purity constraint (≥ 90%) becomes infeasible under sym-
metric noise injection. The system therefore falls back to maximizing the minimum purity
across both buckets, causing the frontier to exhibit non-monotonic behavior. Specifically,
the optimal threshold recedes to τ ∗ = 0.94 at 15% and 20% noise, partially reducing the
review rate to 68.5%, while error exposure continues to rise from 5.5% to 7.0%. This
non-monotonicity reflects a structural transition in the constraint landscape rather than
an improvement in decision quality, and underscores the fragility of purity-constrained
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automation under label uncertainty.

Figure 6.5: Pareto frontier shift under label noise. Left: multi-curve overlay showing how
the frontier moves as label noise increases from 0% to 20%. Right: optimal review rate
and error rate at τ ∗ under each noise level.

By contrast, as shown in Figure 6.6, the Pareto frontier demonstrates remarkable stabil-
ity under increasing feature missingness. The optimal review rate varies only between
40.8% and 43.1% across all missing-rate conditions from 0% to 40%, and the error rate
remains essentially unchanged at approximately 4.7%. The optimal threshold τ ∗ shifts
only modestly from 0.83 to 0.80, a negligible change compared with the dramatic frontier
displacement observed under label noise.

Figure 6.6: Pareto frontier shift under feature missingness. Left: frontier curves under
missing rates from 0% to 40%. Right: optimal τ ∗ metrics remain stable across all missing-
rate conditions.

Overall, under the predefined bilateral purity constraints, τ = 0.84 provides the best
operational compromise. Among all feasible thresholds, it achieves the lowest manual
review rate while maintaining both high-confidence decision buckets above the required
purity level. It can therefore be regarded as the preferred Pareto-optimal operating point.

Furthermore, label quality emerges as the primary factor affecting the stability of auto-
mated decision-making. Injecting 5% label noise increases the required manual review
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rate by approximately 20 percentage points, whereas increasing the feature missing rate
to 40% adds less than 3 percentage points to the review burden. In practical deployment,
this suggests that practitioners should prioritize label quality assurance over further re-
ductions in feature-level missingness.

Finally, the threshold selected on the validation set transfers well to the test set, where
the purity of both the auto-accept and auto-decline buckets remains above 90%. This
cross-split stability is consistent with the probability quality results reported earlier.
Since the model produces relatively stable probability distributions, the same threshold
can maintain similar operational behavior on unseen data, thereby reducing the risk of
threshold overfitting during deployment.

6.4 Rules Distillation

To transform model outputs into deployable, auditable decision logic, this study further
examines whether TabPFN’s behavior can be compressed into a set of stable, easily
compliant IF-ELSE rules with a simple structure. Compared to directly deploying black-
box models, rule-based formats offer significant advantages in regulatory reporting, credit
auditing, and system integration.

This study designs a two-stage distillation framework to approximate TabPFN’s three-
tier decision mechanism. First, based on the aforementioned high-confidence threshold
strategy, prediction probabilities of validation set samples are mapped into three labels:
Auto-Accept, Review, and Auto-Decline. This transforms the distillation objective from
continuous probability regression to discrete decision boundary learning. Subsequently,
shallow decision trees are trained on an expanded feature space to fit pseudo labels. This
expanded feature space comprises two components: key foundational features selected
through global importance fusion, and a small number of high-discriminative ratio inter-
action features that encode the joint relationship between two foundational signals using
a single variable.

To enhance rule stability, cost complexity pruning is introduced during distillation tree
training. Optimal pruning strength is selected via grid search, with a large minimum
leaf node sample size set to prevent fragile rules covering only a tiny fraction of samples.
Additionally, the first-layer decision tree distinguishes between Accept and Others, while
the second-layer tree further divides Others into Reviews and Declines.

Distillation results indicate(table 6.3), the figure 6.7 provides a structural view of the
distilled decision trees, showing that shallow trees can reproduce TabPFN’s ternary deci-
sions with high precision. The first-layer distillation achieves strong training-to-holdout
consistency at limited depth, with a training accuracy of 92.2%, a holdout accuracy of
90.9%, and a Macro-F1 score of 0.899. Cost-complexity pruning effectively suppresses
overfitting and improves cross-sample stability of the resulting rules. The second-layer
distillation is more compact, yielding a holdout accuracy of 93.2% that does not fall be-
low its training accuracy of 92.3%, indicating stronger separability and consistency within
the non-approved subspace. After composing the two layers, the distilled rule set reaches
an overall fidelity of 86.6% on the validation set and 85.8% on the test set with respect
to TabPFN’s original three-bucket decisions, i.e., approximately 86% of samples receive
decisions consistent with TabPFN.
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Table 6.3: Two-stage distilled decision tree results. Layer 1 separates Auto-Accept (A)
from Others (Review + D); Layer 2 further separates Auto-Decline (D) from Manual
Review within the non-A subset.

Layer Task Depth Leaves CCP-α Train Acc. Hold-out Acc. Macro-F1

Layer 1 A vs. Other 6 20 0.0015 92.2% 90.9% 0.899
Layer 2 D vs. Review 3 7 0.0021 92.3% 93.2% 0.923

Figure 6.7: Top: First-level tree structure. Bottom: Second-level tree structure.

Further analysis shows that the fidelity loss is primarily concentrated in the Review
bucket. This bucket corresponds to the model’s uncertainty region, where samples are
more dispersed and the decision boundary is more fragmented; consequently, shallow trees
cannot finely approximate this region without substantially increasing model complexity.

Meanwhile, the distilled trees contain multiple high-purity leaf nodes that can be directly
translated into deployable IF--ELSE rule fragments. Their purity remains consistently
above the business-defined threshold, enabling an interpretable high-confidence automa-
tion subsystem for operational use.

Nevertheless, rule distillation has unavoidable limitations. First, approximately 14% of
samples exhibit decision discrepancies between the distilled rules and TabPFN; without
explicit monitoring of these disagreement cases, rule-based deployment may introduce

43



systematic bias. Second, although the current rule set is already far less complex than
the original model, stricter regulatory requirements may demand further simplification,
which would inevitably reduce fidelity. Accordingly, this study positions the distilled rules
as an auditable, high-confidence subsystem—maximizing automatable coverage while pre-
serving interpretability, and providing a structured foundation for rule monitoring and
iterative refinement in deployment.
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7 Discussion

Challenge One focuses on model performance degradation under highly sparse data, while
Challenge Two addresses the gap between model predictions and real-world business
deployment. Experimental results demonstrate that TabPFN exhibits distinct strengths
and weaknesses compared to traditional machine learning methods in both challenges.
It neither comprehensively outperforms existing machine learning approaches under all
conditions nor falls short of them; rather, it demonstrates complementary value in specific
data-driven business scenarios.

7.1 Discussion of Challenge 1: Performance degra-

dation under highly sparse data

The core motivation of this study is to address non-random missingness and extreme
sparsity in real-world business scenarios. Constraints arising from external data query
costs, privacy isolation requirements, and business process limitations jointly lead to
a structural imbalance in feature availability. This missingness pattern deviates from
the random missingness assumption commonly adopted in traditional machine learning,
thereby imposing higher requirements on model robustness.

The experimental results show that, under the current data conditions, TabPFN achieves
performance on the test set comparable to that of the strongest baseline, XGBoost. From
a mechanistic perspective, TabPFN is explicitly exposed to missingness patterns during
its synthetic-data pretraining stage through random masking mechanisms. As a result, it
develops prior robustness to sparse inputs and is able to aggregate effective signals from
sparse features through bidirectional attention, without relying on explicit imputation.

However, there exists a subtle interaction between this prior advantage and the specific
pseudo-noise structure identified in the financial dataset. On the one hand, the continuous
monetary variables in the dataset are pre-discretized into coarse-grained intervals. This
is structurally highly consistent with the quantization and discretization mechanisms
used when structural causal models generate synthetic data during TabPFN pretraining.
TabPFN’s prior therefore already contains experience in handling discretized features,
which partly explains the model’s relative tolerance to the information loss introduced
by binning.

On the other hand, the treatment of true zero values and missing values as a single
merged category in the dataset constitutes a form of pseudo-noise that lies beyond the
pretraining distribution of TabPFN. In the synthetic data used for pretraining, missing
values appear as explicit random masks, allowing the model to exploit missingness itself
as a predictive signal. In the financial dataset considered in this study, however, this
semantic distinction has already been erased during data collection, preventing the model
from distinguishing the fundamentally different credit-risk implications of the two cases.
This semantic ambiguity has a relatively limited impact on XGBoost, because XGBoost
handles missing values through learned default split directions and does not rely on a
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precise distinction in the semantics of missingness.

The feature-missingness sensitivity experiments further reveal the performance boundary
of TabPFN. When an additional 10% to 40% missingness is introduced, the degradation
in AUC for TabPFN is significantly larger than that of XGBoost. This difference is not
accidental, but rather a direct manifestation of the core architectures of the two models.

During inference, the bidirectional attention mechanism of TabPFN performs global simi-
larity computation between test samples and training samples. Through a cross-attention
mechanism, a test sample queries all training samples, determines which training samples
are similar to itself, and refers to their labels for prediction. This process considers all
feature dimensions simultaneously and is therefore global in nature.

When a large number of samples appear superficially similar in the feature space due
to shared missingness in certain features, the attention weights may be dispersed across
training samples that are not truly similar in terms of risk. Consequently, the quality
of effective neighbors declines, weakening predictive performance. More importantly, the
weights of TabPFN remain fixed after pretraining, and the model cannot locally adapt
to the missingness structure of the current input during inference. Once the missingness
distribution at inference time deviates from that observed during training, this implicit
dependence on the global feature-availability structure is amplified and becomes a major
source of performance degradation.

The operating mechanism of XGBoost is different. At each internal node of each tree,
the splitting decision considers only the subset of samples reaching that node and selects
a locally optimal split point based on the currently available features. For missing values,
XGBoost learns a default direction for each split point during training; during inference,
samples with missing values are routed along this pre-learned direction, without requiring
any recomputation of global information.

When additional features are missing at inference time, the affected samples simply follow
the pre-learned default paths at each node. The resulting degradation is local and node-
level, and does not propagate through the global structure of the model. Although this
local greedy splitting strategy is theoretically less precise than Bayesian inference from
a statistical perspective, it provides precisely the local adaptivity that TabPFN lacks,
enabling XGBoost to maintain more stable performance when missingness patterns drift.

In sharp contrast to its sensitivity to missingness, TabPFN exhibits substantially stronger
robustness under label-noise perturbation. When the training label noise increases from
0% to 20%, the decline in AUC for TabPFN remains consistently smaller than that of
XGBoost. Probability-quality metrics such as LogLoss and Brier Score also remain more
stable.

From an architectural perspective, the inference process of TabPFN can be understood as
an approximation of the Bayesian posterior predictive distribution. During inference, the
model implicitly performs a weighted averaging over all possible underlying functions,
where the weights are jointly determined by the pretrained prior and the training-set
context.

When a small proportion of training labels is flipped by noise, these noisy samples consti-
tute only local outliers within the overall training distribution. The Bayesian averaging
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mechanism naturally dilutes their influence: the regions of the function space correspond-
ing to noisy labels receive lower weights and are insufficient to dominate the final posterior
prediction, thereby counteracting noise perturbations.

In contrast, XGBoost minimizes the loss function by sequentially fitting residuals, with
each iteration actively correcting the discrepancy between the previous prediction and the
observed label. When noisy labels are present in the training set, the model treats them
as genuine signals that need to be explained and allocates additional model capacity to
fit these errors. As a result, the influence of noise is gradually embedded into the tree
structures, leading to relatively higher sensitivity to label noise.

Therefore, the Bayesian posterior approximation mechanism of TabPFN provides a natu-
ral advantage in scenarios where label quality is unstable but the feature structure remains
relatively stable. Conversely, its global attention structure becomes a disadvantage when
the distribution of feature availability shifts.

Another notable advantage of TabPFN appears under small-sample conditions. When
only 10% of the training data is used, TabPFN achieves substantially better predictive
performance than XGBoost, which is consistent with its theoretically expected few-shot
generalization capability. This property stems from the rich prior knowledge accumulated
by TabPFN during pretraining, allowing it to provide reliable predictions in new scenar-
ios with limited labeled data. This is of practical significance for early-stage business
deployment scenarios where historical data accumulation is still insufficient.

Taken together, in practical business deployment, TabPFN is a more suitable choice when
feature coverage is relatively stable, label quality is uncertain, and the amount of available
historical data is limited. When systematic shifts in feature-missingness patterns exist
between training and inference, it is advisable to first reduce distributional drift through
data-pipeline optimization and feature-engineering strategies, while considering XGBoost
as an alternative model that is more robust to missingness drift.

7.2 Discussion of Challenge 2: The gap between model

predictions and operational deployment

Another challenge lies in converting probabilistic model outputs into interpretable, au-
ditable business rules. In financial services scenarios, even if a model achieves high
metrics in offline evaluations, its practical business value remains limited if its out-
puts cannot be embedded into automated systems. To bridge this gap, this study con-
structs a comprehensive deployment pipeline across three layers—probability, strategy,
and rules—encompassing probability calibration, threshold-driven binning, and rule dis-
tillation. At the probability calibration level, experimental results demonstrate that
TabPFN’s raw probabilities exhibit superior calibration properties compared to typical
black-box models requiring significant recalibration for threshold-based decisions. Due
to its training paradigm based on Bayesian posterior prediction approximation, TabPFN
tends to produce distribution-level reliable probability estimates.

At the threshold optimization layer, results show that at the optimal threshold τ ∗ = 0.84,
the system can route 56.7% of applications to automated decisions, with only 43.3%
entering manual review. Further Pareto frontier analysis indicates that increasing the
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threshold from τ = 0.84 to τ = 0.90 raises the manual review rate by an additional 16.1
percentage points, yet reduces false negatives by only 127 cases. This demonstrates that
the marginal safety gains from further tightening the strategy at high threshold inter-
vals have significantly diminished. At the rule distillation level, after training shallow
decision trees using TabPFN’s three-bucket decision as a supervisory signal, the distilled
rules achieved approximately 86% fidelity on the test set. Specifically, the first-layer tree
achieved 90.9% test accuracy, while the second-layer tree reached 93.2%. The resulting
IF-ELSE rule fragments can be directly embedded into the decision system. Fidelity loss
primarily occurs in the manual review segment, where sample boundaries are more gran-
ular and distributions more dispersed. Shallow trees struggle to achieve precise fitting
without significantly increasing complexity. Operationally, these samples should inher-
ently undergo manual review, making this error relatively minor in practical impact.

Finally, in actual production deployment, τ ∗ is determined by the validation set and
transferred to the test set, with the default data distribution being relatively stable. If
the actual data changes over time, the threshold should be recalibrated periodically. Rule
distillation is also a static approximation of model behavior at a specific point in time;
recalibration is required when changes occur.

7.3 Limitations and Future Work

Although this study ultimately yielded results with practical value, certain limitations
remain, which are categorized as follows:

1. Insufficient dataset scope and domain diversity. All experiments in this
study were conducted using a proprietary dataset from DLL’s regional operations.
Its business context remains confined to asset financing, exhibiting significant data
gaps compared to scenarios such as consumer credit and mortgage lending. There-
fore, future work may consider incorporating datasets from diverse backgrounds for
multi-faceted validation.

2. Lack of robustness assessment against temporal distribution drift. The
study employed random stratified sampling for training without explicitly modeling
distribution shifts over time. In real corporate operations, macroeconomic fluctu-
ations, product strategy adjustments, and evolving customer demographics may
trigger conceptual drift, compromising long-term reliability. Future work should
incorporate time-sliced validation schemes and further explore model stability and
maintainability in dynamic business environments.

3. Approximation limitations of explainability methods. The XAI analysis ap-
proximates TabPFN’s probabilistic outputs via a proxy model, where fitting qual-
ity directly determines attribution credibility. Current validation relies solely on
predictive fit metrics, leaving room for interpretive bias. Future research should ex-
plore native explainability frameworks for Transformer-based attribution methods
to reduce proxy model dependency and enhance usability.
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8 Conclusion

This study focuses on two core challenges arising from real financial transaction data:
first, the systematic degradation of model performance under conditions of high sparsity
and structural data missingness; second, the implementation gap between probabilistic
prediction outputs and auditable, executable business decision-making processes.

To address these challenges, this study proposes an end-to-end evaluation and deploy-
ment framework for highly sparse credit data, comprising three complementary key com-
ponents:

1. A unified preprocessing pipeline that evaluates and addresses structural sparsity,
pseudo-noise, and feature heterogeneity through standardized methods;

2. A multidimensional robustness testing system that characterizes model generaliza-
tion performance across four dimensions: random seed stability, data scale sensi-
tivity, label noise injection, and feature missing perturbations;

3. An explainability-driven deployment strategy that identifies key factors through
Spearman screening and SHAP rank fusion, constructs three-tier decision buckets
using Pareto optimal threshold search, and further compresses model behavior into
directly integrable IF-ELSE rules via two-stage shallow decision tree distillation.

Experimental results demonstrate that TabPFN achieves comparable performance to XG-
Boost under these data conditions, indicating that traditional machine learning models
approach the upper bound of achievable performance given the current sample size and
feature conditions. Further perturbation experiments reveal complementary robustness
between the two models: TabPFN exhibits superior generalization on small samples,
while XGBoost maintains greater stability and disturbance resilience under higher fea-
ture dropout rates.

For business implementation, this study translates probabilistic outputs into three-class
decision buckets. Under safety constraints requiring bilateral purity ≥ 90%, the optimal
threshold τ ∗ = 0.84 is derived, enabling 56.7% of applications to be processed automati-
cally without human intervention. Simultaneously, the two-stage rule distillation achieves
approximately 86% fidelity on the test set, delivering an auditable, high-confidence rule
subsystem that provides a viable pathway for embedding complex models into compliance
and risk governance workflows.

Nevertheless, this study has several limitations: experiments are based solely on a single
private dataset, requiring validation of cross-domain generalizability across more public
or multi-institutional scenarios; long-term stability under temporal distribution drift re-
mains unexplicitly evaluated; interpretability analysis relies on proxy models introducing
approximation errors; further systematic research is needed on label selection bias and
inference rejection issues. Overall, this study demonstrates the effectiveness of combining
standardized preprocessing, multidimensional robustness evaluation, and explainability-
driven deployment strategies. It also shows that tabular foundation models exhibit clear
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advantages in scenarios with sparse annotations and unstable label quality. The pro-
posed framework provides a reproducible, auditable, and operationally metric-oriented
methodological reference for their responsible deployment in financial risk management.
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