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Abstract

We propose a transformer-based neural network for predicting credit card default using
raw multivariate credit data represented as a 2D time series, eliminating the need for
manual feature engineering. Unlike existing state-of-the-art (SOTA) tree-based models that
rely heavily on handcrafted features, our model leverages self-attention to extract latent
temporal patterns directly from the raw data. Evaluated on two real-world datasets, our
approach outperforms the popular LightGBM baselines and achieves performance on par
with the leading ensemble methods. To further explore if our proposed model can enhance
common ensemble methods, we incorporate it into an ensemble together with LightGBM.
Experimental results show that the ensemble integrating our proposed transformer-based
model outperforms existing ensemble approaches. Designed with deployment in mind, the
model architecture is lightweight, generalizable, and maintainable, making it suitable for
integration into real-world credit risk pipelines. Our results demonstrate strong practical
relevance and a clear path towards scalable deployment in financial applications. In addi-
tion, we have built in an optional feature augmentation extension to the proposed model to
facilitate hybrid adoption of our model by existing users who are accustomed to engineered
features from domain expertise and industry practice. Hence, our model is user-friendly
and can leverage hybrid learning to support both user-crafted and model-learned features
to improve model performance and deployment.

Keywords: credit default; time series prediction; machine learning; transformer

1. Introduction
1.1. Credit Default Risk and Prediction Challenges

Credit default risk refers to the likelihood that a borrower (individual or corporate)
will be unable to repay their loan obligations [1,2]. It is a critical component of financial
risk, which encompasses market, liquidity, operational, and legal risks [3]. The ability
to accurately assess this risk is essential for maintaining the financial health of lending
institutions and the broader economy.

While credit has long played a foundational role in commerce [4,5], the digital era
has intensified the challenge. The rise of online lending platforms and short-term credit
products has increased the volume and velocity of credit issuance [6]. When borrowers
default, the resulting losses can propagate across the financial system, as seen during the
2008 financial crisis [7]. In response, global regulatory frameworks—such as the Basel
Accords—have mandated more stringent credit risk management, prompting institutions
to adopt advanced risk assessment and mitigation tools [8].
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Modern financial institutions are now provisioned with vast quantities of customer
data, enabling the use of data mining and machine learning techniques to identify risk
patterns [9,10]. Accurate default prediction models are especially valuable in this context:
even a modest increase in predictive accuracy (e.g., 1%) can translate into substantial
reductions in financial losses [11,12]. However, existing systems often rely on extensive
feature engineering and handcrafted rules, which are costly to maintain and slow to
adapt to changing borrower behaviors. This motivates the development of automated,
generalizable models capable of learning directly from the raw data, which forms the basis
of our proposed approach.

1.2. Our Contributions

This paper extends our earlier proof-of-concept transformer-based credit default
prediction model introduced in [13]. While the earlier conference paper established the core
hypothesis, this extended work elevates the approach into a mature, rigorously validated,
and deployment-ready framework. The key contributions are:

• Optimized Transformer for 2D credit time-series modeling: We model multivariate
credit behavior data as a 2D time series (time × data) and apply a transformer-based
neural network to capture latent temporal dependencies.

• Eliminating the need for feature engineering: Our model outperforms traditional
LightGBM baselines without requiring handcrafted features, reducing the develop-
ment burden and enabling faster deployment.

• Performance comparable with SOTA models which use extensive feature engineer-
ing: Even without engineered inputs, our approach achieves predictive performance
on par with SOTA models that use thousands of features, demonstrating its strong
learning capacity and efficiency.

• Generalization across diverse datasets: We validate the model on two real-world
datasets (AMEX and Taiwan Bank), showing consistent performance across different
regions, customer segments and data distributions.

• Supports flexible integration and enhancement: The transformer-based model can
be easily extended to include an optional feature augmentation extension or combined
in ensemble architectures. We show that incorporating the proposed model into an
ensemble with LightGBM achieves better performance than prior SOTA ensembles.

• Designed for deployment: The model architecture and data pipeline are lightweight,
interpretable and easily integrated into existing financial infrastructure, supporting
practical adoption in credit risk systems.

While traditional methods such as tree-based ensembles have proven effective in
credit risk prediction, they typically rely heavily on static borrower attributes and require
extensive feature engineering to capture the temporal trends [14]. This makes them less
adaptable and harder to deploy in real-world financial systems, where rapid iteration and
model maintenance are critical.

In contrast, our approach leverages a transformer-based neural network that models
raw sequential credit data as a 2D time series, eliminating the need for handcrafted features.
This design not only improves prediction accuracy, but also reduces development overhead,
paving the way for faster, scalable and maintainable deployment in practical credit scoring
applications. To promote reproducibility and facilitate further research, the code availability
information for this study is provided in the Data Availability Statement.
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2. Related Works
Credit default prediction task can be essentially treated as a binary classification

problem (default vs non-default). Based on recent review studies [6,15,16], existing methods
to predict credit default can generally be grouped into the following:

• Statistical models;
• Traditional machine learning models;
• Neural networks;
• Ensemble approaches.

The field of credit scoring boasts a variety of statistical methods, including discriminant
analysis [17], logistic regression [18] and linear probability models [15]. These techniques
are popular due to their ease of use and ability to provide insights into borrower behav-
iors [19]. There are also studies that implement traditional machine learning models such
as support vector machine (SVM), Naive Bayes (NB), and k-nearest-neighbor (KNN), etc.,
to predict credit default [9,20].

Refs. [21,22] are among the early works to compare the different methods for credit
scoring on different real-world datasets and suggest that neural networks could potentially
be an effective approach to the problem. Ref. [23] proposed transformer-based networks.
Refs. [24,25] proposed networks that combine the power of transformer and convolu-
tional networks (CNN). Note that for these studies, the majority of the credit risk datasets
(e.g., [26,27]) are in a tabular format where each row represents a unique borrower or a
specific loan application and each column corresponds to a particular piece of information
about that borrower (e.g., financial information, loan details, etc.).

Ensemble techniques in machine learning aim to improve the prediction performance
by combining the outputs of several base models and can be generally classified into three
types: bagging (e.g., random forest), boosting (e.g., XGboost, lightGBM), and stacking. Re-
cent studies such as [28,29] suggest that tree-based boosting algorithms generally perform
better than others (including deep tabular models such as TabNet or SAINT) on tabular
datasets and therefore become more dominant in credit risk prediction. For datasets that
are not originally exactly tabular (e.g., [30,31]), many studies (e.g., [32–35]) also tend to
transform the raw data into a single wide tabular dataset first and then apply tree-based
boosting models.

To further improve prediction performance, recent studies gradually shift focus to
explore non-tabular data input. Ref. [36] proposed RNN model to specifically process
raw transactional data. Ref. [37] proposed an edge weight-shared graph convolutional
network to process transactional data. Ref. [10] introduced attentive feature fusion for
credit default prediction. Ref. [38] proposed the use of a BERT-based NLP to process
text features. Ref. [39] proposed a transformer-based network to specifically process user
behavior events. Ref. [40] proposed dynamic graph learning to process user-merchant and
user-user interactions on two real-world private datasets.

Furthermore, Ref. [41] proposed that advanced representation learning and anomaly
detection techniques, such as optimized enhanced stacked autoencoders, have been demon-
strated to be highly effective in related financial risk domains like banking fraud detection.
Similarly, Ref. [42] proposed that capturing temporal dynamics through deep learning
is vital in these broader contexts, as demonstrated by the successful use of transactional-
behavior-based hierarchical gated networks for credit card fraud detection. Ref. [43] pro-
posed a tabular transformer to process multivariate time series and verified the efficiency
on a synthetic credit card transaction dataset to detect fraud as well as on a real pollution
dataset to predict atmospheric pollutant concentrations.

In summary, the majority of existing studies focus on tree-based approaches for
tabular credit risk dataset and hence require extensive efforts on feature engineering. This
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makes them less favorable for deployment in real-world setting due to time and resource
constraints. While some studies have started to explore use of different neural networks
to process raw transactional data or user behavior events often as a supplement to the
heavily feature engineered approaches or require flattening of the sequential records into a
1D vector. In contrast, our proposed architecture aims to directly ingest the multivariate
credit data as a 2D sequence. Furthermore, unlike many studies relying on proprietary
financial data, our framework is validated entirely on publicly available datasets to ensure
full reproducibility.

3. Dataset and Evaluation Metrics
3.1. AMEX Credit Default Dataset

The first dataset we use is the AMEX credit default dataset [31], the same dataset used
by [33–35]. This dataset includes 458,913 records for training and a separate test set of
924,621 records. Each customer record has over 200 rich and multi-temporal features across
five categories: delinquency, spend, payment, balance, and risk. There is also a default label
that indicates whether the customer will default after an 18-month observation window.

To enable a direct comparison with existing research, we employ the official Kaggle
competition evaluation metric (M). Because the true labels for the test dataset are perma-
nently withheld by the competition hosts, this is the only metric available to evaluate our
test set performance and objectively benchmark against state-of-the-art models. This metric
combines two sub-measures: the normalized Gini coefficient (G) with the default rate at a
4% threshold (D), providing a comprehensive assessment of the model performance.

M = 0.5(G + D)

The normalized Gini coefficient is calculated as follows.

G = 2 × AUC − 1

The normalized Gini coefficient can be viewed as a scaled version of the AUC. The
AUC represents the light red area under the curve, ranging from 0 to 1 as shown in Figure 1.
G always falls between −1 and 1 and a larger red area indicates a better score.

Figure 1. Receiver operating characteristic (ROC). The red curve represents the ROC curve, the light
red shaded area represents the AUC, the blue dashed diagonal line indicates the random-classifier
baseline, the green vertical line marks the 4% threshold, and the blue dot denotes the corresponding
default-rate-captured point.
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The default rate captured at 4% represents the true positive rate for a threshold set
at 4% of the total sample size. This corresponds to the y-coordinate of the intersection
between the green line and the red ROC curve and always falls between 0 and 1. A higher
intersection point signifies a better score. Additionally, to account for down-sampling,
negative labels in both sub-metrics are assigned a weight of 20.

3.2. Taiwan Bank Credit Default Dataset

To verify the proposed approach’s generalization ability, we also tested it on a second
dataset [27]. This dataset investigates credit card defaults among customers of a major
Taiwanese bank. It comprises 30,000 observations, including 6636 cardholders (22.1%)
who defaulted on their following month’s payment [21]. The data include one dependent
variable, “default payment for next month” which is binary (coded as Yes = 1, No = 0) and
23 independent variables [44]. These independent variables can be further categorized into
demographics (first five variables), past payment status (next six variables), past billing
amounts (following six variables) and past payment amounts (final six variables).

Since existing research using the Taiwan dataset lacks a consistent evaluation met-
ric, this paper uses AUC for a comprehensive assessment across various classification
thresholds. More details about AUC are included in Appendix A.

4. Method
We propose a transformer-based neural network that can process multi-variate time-

series credit risk data without the need for elaborate feature engineering which renders it
very favorable for deployment in real world settings.

4.1. Model Training and Prediction Pipeline Overview

Figure 2 shows the steps involved in the model training pipeline. The raw data are
pre-processed and then split 5-fold for cross-validation purposes and then passed into the
proposed model for training.

Figure 2. Model training pipeline.

Figure 3 shows the overview of the inference pipeline. The raw data are similarly
pre-processed as per during training and then passed into the trained model to generate
the prediction results. Note that the pre-processing step is dataset-specific.

Figure 3. Inference pipeline.

4.2. Data Pre-Processing of the Amex Dataset
4.2.1. De-Noise

For the Amex dataset, an analysis of the features such as ‘B_2’ in Figure 4 shows that
there is random uniform noise in the range [0, 0.01] for all features (probably introduced by
the data provider).
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Figure 4. Data Analysis of Feature ‘B2’.

Hence, all feature columns in the raw data are de-noised by the following equation.

Feature = f loor(Feature ∗ 100)

4.2.2. Missing Value Handling

Null values are replaced with zeros.

4.2.3. One-Hot Encoding

One-hot encoding is performed for categorical features such as “B_30” and “B_38”.

4.3. Data Pre-Processing of the Taiwan Dataset
4.3.1. Train-Test Split

Owing to the lack of a predefined train–test split and evaluation metrics in the Taiwan
dataset, prior studies such as [9,45], adopt their own evaluation metrics, making direct
benchmarking challenging. To evaluate the proposed method’s generalization capability
on this dataset, we employ a standard random train–test split with a 70%–30% ratio and
use AUC as the evaluation metric to facilitate comparison.

4.3.2. Dataframe Reshaping

Three time series columns are generated from the following to adapt to the multivariate
time series input framework of the proposed model:

• The six variables about the status of the past payments;
• The six variables about the amount of past bill statement;
• The six variables about the amount of paid bills.

4.4. Five-Fold Cross-Validation

We adopted 5-fold cross-validation in our model training. More details can be found
in the Appendix A.

4.5. Proposed Transformer-Based Model

The transformer was first introduced in [46]. More details on transformer/attention/
self-attention/multi-head-attention are given in the Appendix A.

Figure 5 shows the overall architecture of our proposed transformer-based model.
It comprises five blocks, namely, ‘linear layer and normalization’, ‘positional encoding’,
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‘transformer encoder’, ‘bidirectional GRU’ and ‘feedforward neural network’. The model
takes in the processed input data from the data pre-processing module and the outputs a
prediction probability of whether it is a default or not.

Figure 5. Our model.

The linear layer converts the preprocessed time series data into a fixed hidden dimen-
sion. Layer normalization is applied to maintain a consistent distribution and mitigate the
internal covariate shift that can occur during training. Positional encoding is applied to
incorporate temporal information of the relative position in the time series. It is computed
as follows [46]:

PE(pos,2i) = sin(pos/10000
2i

dmodel )

PE(pos,2i+1) = cos(pos/10000
2i

dmodel )

Encoder-only transformer structure is adopted here, and the transformer encoder
block consists of a stack of N transformer encoder layers specifically designed to capture
the temporal dynamics and other latent features in the credit card data. Figure 6 shows the
implementation of the encoder layer comprising a multi-head self-attention mechanism.

Figure 6. Encoder design of the transformer.

To account for the varying lengths of the time series data among the customers, a
bidirectional GRU is employed as a specialized pooling mechanism for each customer.

The feedforward neural network block takes in the latent features from the previous
step and generates the final prediction probability of whether the customer will default or
not. The details are illustrated in Figure 7.

https://doi.org/10.3390/electronics15122656
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Figure 7. Feedforward neural network (FNN) block.

4.6. Optional Feature Augmentation Extension

Given that existing research and deployment for credit card default prediction rely
heavily on engineered features from domain expertise and industry practice, users are often
hesitant to relinquish these familiar inputs. To facilitate adoption, we designed an optional
feature augmentation extension called the hidden feature block. The block is specifically
built to process high-dimensional, user-crafted features, using its internal feedforward
architecture (as shown in Figure 8) to distill them into a single, powerful, and dense feature
vector. This parallel design is effective because it distills high-dimensional engineered
features independently, preventing them from interfering with the transformer’s native
temporal learning.

Figure 8. Hidden feature block.

Figure 9 illustrates how this module is integrated into the complete model architecture.
The hidden feature block operates in parallel with the transformer block and is designed
for flexibility; it is only activated when engineered features are available. Specifically,
the raw 2D time-series data is processed exclusively by the transformer block to extract
temporal patterns, while the pre-calculated engineered features are routed in parallel
through the hidden feature block. The resulting dense latent representations from both
distinct pathways are then concatenated before being passed into the final FNN block
for prediction.

We engineered over 6000 features to be used in the experiments in this study. The
results will be reported in the Experiment section. Feature engineering methods such as
statistical transformation and knowledge distillation are applied, and details can be found in
the Appendix A. It should be noted that feature engineering is very time-consuming, which
motivates us to propose the transformer model without the need for feature engineering.
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The model with feature engineering also requires significantly more computation resources,
as shown in Table 1 below.

Figure 9. Our model with feature augmentation.

Table 1. Resource Usage on Amex Dataset.

Without FE With FE

Training GPU Memory 3.90 GB 3.95 GB
Training RAM 17.3 GB 41.6 GB
Training time 1.5 h 3.4 h

Inference GPU Memory 3.71 GB 3.72 GB
Inference RAM 26.8 GB 74.9 GB
Inference time 8.0 m 8.9 m

4.7. Evaluating Model Performance in an Ensemble

To evaluate the performance of our proposed transformer-based model in an ensemble,
we integrate our model with the SOTA LightGBM in an ensemble framework. The proposed
ensemble structure comprises the following sub-models:

• The proposed transformer-based model (without feature engineering);
• The proposed transformer-based model with feature augmentation extension to use

engineered features;
• A SOTA LightGBM using engineered features.

Figure 10 shows the overview of the proposed ensemble architecture.

Figure 10. Ensemble architecture.

For the Taiwan dataset, due to its small size, a reduced ensemble structure is adopted,
incorporating only the proposed transformer-based model and the SOTA LightGBM model.
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5. Experiments
Experiment hardware/software setup and empirically best hyperparameter values for

the LightGBM and Transformer approaches are described in the Appendix A.

5.1. Experimental Results for Amex Dataset

For the Amex dataset, the proposed approaches and benchmark models are assessed
on the private test dataset. Table 2 shows that our proposed transformer-based model
(i.e., without feature engineering) is better than the LightGBM benchmark model without
feature engineering and achieves performance on par with SOTA LightGBM with feature
engineering (Ref. [35] shown in Table 3).

Table 2. Results comparison.

Model Test Set

LightGBM without FE 0.800
Transformer without FE (Ours) 0.802

Bold: highest score in the table.

Table 3 shows the performance comparison of the proposed transformer-based model
and its optional feature augmentation extension (used here for hybrid comparison against
feature-heavy benchmark) as well as performance in an ensemble framework. Our fea-
ture augmentation extension achieves a higher score than SOTA LightGBM with fea-
ture engineering [35] while contributing to better performance than existing ensemble
approaches [33,34].

Table 3. Results on Amex Dataset with FE/Ensemble.

Model Test Set

Transformer with Feature Augmentation (Ours) 0.806
LightGBM with FE [35] 0.801

Ensemble (Ours, incorporated into ensemble) 0.810
GBDT Ensemble [33] 0.809
DART Ensemble [34] 0.808

Underline: proposed non-ensemble model result. Bold: highest score in the table.

Paired t-tests across the five-fold validation results indicate statistically significant
improvements at the 0.05 level. Detailed variance analysis and statistical testing results are
provided in the Appendix A.

5.2. Experimental Results for Taiwan Dataset

The benchmark, the proposed and the ensemble models are evaluated on the Taiwan
dataset and the results are summarised in Table 4. Note that for Taiwan dataset, we did not
include feature engineering in all the models.

Table 4. Results on Taiwan Dataset.

Model Test Set

LightGBM without FE 0.772
Transformer without FE (Ours) 0.779

Ensemble (Ours, incorporated into ensemble) 0.783
Underline: proposed non-ensemble model result. Bold: highest score in the table.

The proposed transformer-based model surpasses the benchmark LightGBM model
in performance. Additionally, the proposed ensemble model enhances the prediction

https://doi.org/10.3390/electronics15122656

https://doi.org/10.3390/electronics15122656


Electronics 2026, 15, 2656 11 of 17

accuracy beyond the standalone model. The performance of these models is consistent
with the results on the Amex dataset, testifying to the generalization ability of the proposed
transformer-based model.

6. Path to Deployment and Practical Impact
Our proposed model directly addresses a critical bottleneck in deploying credit risk

models. Traditional methods, including SOTA academic ensembles such as [32,33] and
commercial systems e.g., Upstart [47], Zest AI [48], often rely on thousands of manually
handcrafted features. This practice slows development, complicates maintenance and
hinders scalability in real-world financial systems.

By processing raw multivariate credit data as a 2D time series, our transformer-
based model eliminates the arduous feature engineering efforts. This approach yields
immediate practical benefits, including accelerated development cycles, drastically reduced
maintenance overhead, lower inference latency (Table 1), and streamlined integration into
existing credit scoring pipelines. The lightweight architecture is designed for deployment,
and its effectiveness is validated across the diverse AMEX and Taiwan Bank datasets,
showing its promise for different banking contexts.

We do recognize that existing users who are accustomed to engineered features from
domain expertise and industry practice will be reluctant to give up engineered features
completely. We therefore built a feature augmentation extension to the proposed model to
facilitate adoption of our model by existing users. Our model is user-friendly and can lever-
age hybrid learning to support both user-crafted and model-learned features to improve
model performance and facilitate current user buy-in. Our proposed model with the feature
augmentation extension also helps to bridge the gap until current users are comfortable to
transition to more advanced, feature-learning paradigms without abandoning their existing
highly interpretable, regulatory-compliant workflows.

This work, therefore, lays the groundwork for practical adoption in production
credit systems. Future efforts to enhance interpretability will further support its adop-
tion in regulated environments, solidifying a clear path from emerging application to
deployed solution.

7. Conclusions and Future Work
This paper presents a transformer-based neural network for credit card default pre-

diction that processes raw 2D time-series credit data without the need for labor-intensive
feature engineering. The proposed model outperforms LightGBM baselines and achieves
performance comparable to SOTA methods with engineered features, demonstrating strong
generalization across two real-world datasets.

In addition, we have incorporated a feature augmentation extension to the proposed
model to facilitate adoption by existing users who are accustomed to engineered features
from domain expertise and industry practice. Hence, our model is user-friendly and sup-
ports hybrid learning to support both user crafted and model learned features to improve
model performance and facilitate deployment. We also evaluated our proposed model in
an ensemble framework with LightGBM, and its performance surpasses existing ensemble
approaches. These results highlight the model’s robustness, simplicity, generalizability and
suitability for scalable deployment in financial applications.

For future work, we will explore mitigating potential dataset biases and scalability
limits of self-attention on long sequences, as well as improving model interpretability
and integrating transformer-encoded features into tree-based frameworks for enhanced
performance and compliance readiness.
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Appendix A
Appendix A.1. AUC for Taiwan Dataset

Since existing research using the Taiwan dataset lacks a consistent evaluation metric
(e.g., [21,44,45]), this paper utilizes AUC for a comprehensive evaluation across various
classification thresholds. AUC essentially represents the probability that a randomly
chosen positive instance ranks higher than a random negative instance by the model [45].
Ref. [6] highlights AUC as the preferred metric for credit risk prediction. Additionally, in
broader machine learning literature, AUC is also widely recognized as a leading metric for
evaluating binary classifiers [49].

Appendix A.2. Five-Fold Cross Validation

Best practices in applying machine learning recommend conducting cross-validation
on the training set [50]. Cross-validation helps ensure a balance between bias and variance
and can be used to fine-tune hyperparameters or apply regularization techniques to prevent
under-fitting or over-fitting before deploying the model on the testing set. Although cross-
validation provides an estimate of the prediction error averaged over hypothetical datasets
from the same distribution rather than the actual prediction error [51], it can still serve as a
valuable benchmark for the primary evaluation conducted on the testing set which has not
been encountered by the model.

Following [34,52], a stratified 5-fold cross-validation strategy is employed in this study
using the scikit-learn package [53]. It is important to note that the 5-fold split is based on
customer_ID, ensuring that all rows associated with the same customer remain within the
same fold, thus preventing any risk of data leakage. Additionally, the folds are created to
maintain the proportion of samples with positive and negative label classes. This iterative
process repeatedly trains and validates the model on different data splits, resulting in more
reliable and generalizable predictions. The training data pipeline generates 5 models, one
for each fold, and these models are then used in the prediction pipeline. The final prediction
is obtained by averaging the predictions of the 5 models.

Appendix A.3. Transformer

Ref. [46] introduced the transformer, the first sequence transduction model based
entirely on attention mechanisms, which replaced the recurrent layers typically used in the
encoder-decoder architectures with multi-headed self-attention.
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Attention

Attention is a mechanism that determines the importance of different parts of input
data for producing an output, by comparing a query to multiple keys and assigning weights
to the corresponding values based on their similarity. By representing (queries, keys, values)
as matrices (Q, K, V), and the dimension of the key and query vectors as

√
dk, the attention

calculation is given as follows [46]:

Attention(Q, K, V) = so f tmax(
QKT
√

dk
)V

Self-Attention

In particular, self-attention refers to where all keys, values and queries come from
the same input sequence. This self-attention mechanism effectively identifies the latent
relationships between the transactions, revealing the hidden patterns that enhance the
prediction performance.

Multi-Head Attention

Multi-head attention allows the model to jointly attend to information from different
representation subspaces at different positions. The calculations are as follows [46]:

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO

headi = Attention(QWQ
i , KWK

i , VWV
i )

Appendix A.4. Experimental Setup

Both the proposed standalone and ensemble models were trained and tested on a
machine equipped with an AMD Ryzen Threadripper 3960X 24-Core Processor and two
Nvidia RTX 3090 GPUs.

Python version 3.9.19 was used for all the experiments. The main package versions
are shown in Table A1.

Table A1. Python Packages.

Python Package Version

LightGBM 3.3.5
scikit-learn 1.1.2

torch 1.10.1 + cu111
pandas 1.5.0
numpy 1.26.0

Appendix A.5. Hyperparameters

To optimize the model architectures and evaluate parameter sensitivity, hyperpa-
rameter tuning was conducted using an empirical grid search evaluated across the cross-
validation folds.

Since the Taiwan dataset has significantly fewer records and features compared to the
Amex dataset, a less complex neural network is used for the prediction task to prevent
overfitting. Hence, we reduced the encoder layers, used a smaller hidden dimension and
a different learning rate scheduler, namely cosine annealing, which are suited for shorter
training runs. Table A2 shows the key hyperparameter values for the proposed transformer-
based model which have achieved the best empirical performance on both datasets.
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Table A2. Transformer hyperparameters for both datasets.

Amex Taiwan

hidden_dim 256 32
encoder_layer_num 3 2

attn_heads 32 2
ff_dim 256 4

encoder_dropout_rate 0.05 0.005
HF_dropout_rate 0.01 0.005

FNN_dropout_rate 0.05 0.025
Learning Rate 8.25 × 10−5 9 × 10−4

Learning Rate Scheduler Step Function Cosine Annealing
Optimizer Adam Adam

Training Epochs 12 15
Batch Size 256 512

To ensure transparency, fair comparison, and reproducibility, Table A3 shows the key
hyperparameter values for the benchmark LightGBM model which have achieved the best
empirical performance on both datasets.

Table A3. LightGBM hyperparameters for both datasets.

Amex Taiwan

learning_rate 0.035 0.035
bagging_freq 5 5

bagging_fraction 0.75 0.75
feature_fraction 0.05 0.05

metric binary_logloss binary_logloss
num_leaves 64 64
max_depth −1 −1
lambda_l1 30 30
lambda_l2 24 24

rounds 4500 1500
early_stopping_rounds 100 100

Appendix A.6. Five-Fold Cross Validation Results for Amex Dataset

Because the ground truth labels for the AMEX test dataset are permanently withheld
by the dataset providers, it is not possible to conduct paired statistical tests directly on
the official test set. Therefore, we report fold-level validation scores across the 5 local
cross-validation folds in Table A4. To assess whether the observed improvements are
consistent across folds, we conducted paired t-tests on the fold-level validation scores.
The standalone transformer without feature engineering was compared against LightGBM
without feature engineering, while the final ensemble was compared against the standalone
transformer without feature engineering. Both paired comparisons showed statistically
significant improvements at the 0.05 level. These results provide additional evidence that
the observed gains are consistent across local validation folds, although the official AMEX
test set comparison remains based on the competition metric due to withheld labels.
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Table A4. Fold-level validation scores for the AMEX dataset.

LightGBM Without FE Transformer Without FE Ensemble

Fold 0 0.792345 0.794331 0.806416
Fold 1 0.783720 0.784336 0.796679
Fold 2 0.788226 0.789010 0.799645
Fold 3 0.782836 0.787296 0.796386
Fold 4 0.790248 0.792301 0.802113

Mean ± Std Dev 0.787475 ± 0.003677 0.789455 ± 0.003548 0.800248 ± 0.003729

Appendix A.7. Feature Engineering (Amex)

Feature engineering is needed to expand the raw data features to capture more dy-
namic dependency between the multiple variables. Several feature engineering methods
have been adopted to extract features which can provide domain-specific insights which
will then lead to a more robust and accurate model. These methods are detailed as follows:

Statistical Transformation

Minimum, maximum, sum, difference, rank (sorted by value), time-rank (sorted by
time order), “last-n” (last n records) and standard deviation of the denoised series data (such
as spending amount) within a defined time windows (e.g., 3 or 6 months) are calculated to
capture the potential financial trends.

Knowledge Distillation

Knowledge distillation (KD) features are created by running a small-size LightGBM
model [54] on only the series data and predicting the target variable for each month. In
machine learning, knowledge distillation acts like a teacher tutoring a student. A complex,
pre-trained model (the teacher) efficiently guides a smaller model (the student) to grasp
intricate relationships between the input data and output categories, while the student
remains nimble and efficient [55]. The prediction performance of the KD model also offers
a baseline for subsequent model evaluations.

LGBM Greedy-Find-Bins Transformation

Ref. [54] introduced a groundbreaking GBDT algorithm named LightGBM, incorpo-
rating two innovative techniques: gradient-based one-side sampling (GOSS) and exclusive
feature bundling (EFB). GOSS addresses the challenge of handling large datasets, while
EFB is designed to manage a high volume of features. Experimental results align with theo-
retical expectations, demonstrating that LightGBM, leveraging GOSS and EFB, significantly
surpasses XGBoost and stochastic gradient boosting (SGB) in both computational speed
and memory efficiency. A crucial component of EFB is the greedy-find-bins transformation,
which is a greedy algorithm that achieves a rather good approximation ratio in substitution
of optimal bundling [56].
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