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A B S T R A C T

Credit risk classification is a crucial area in machine learning-enhanced financial decision support systems,
and numerous studies have achieved significant progress. However, data in the modern financial landscape is
inherently complex, characterized by a lack of labeled data, cross-domain heterogeneity, and class imbalance.
These three major problems hinder the achievement of credit risk classification. Therefore, we propose a
semi-supervised heterogeneous domain adaptation method and an imbalanced data augmentation method to
overcome these challenges with a single neural network-based model. Experimental results obtained from four
representative benchmark datasets confirm the superior performance of the proposed method.
1. Introduction

Out-of-control risk management can lead to non-performing assets,
bringing substantial financial losses to financial institutions, and many
stakeholders, including honest borrowers with good credit histories,
will not be able to stay out of it. Before the 2008 recession, neglect
of risk controls significantly triggered the collapse of collateralized
debt obligations, leading to massive losses and bankruptcies of many
financial and non-financial institutions worldwide [1]. The resulting
recession further depressed demand and buying activities in the econ-
omy to extremely low levels, resulting in severe unemployment. The
entire economy could suffer if financial market participants do not
adequately assess current and future losses arising from risk. For this
reason, in many countries and market economies, financial market
participants have developed credit risk models in accordance with Basel
I, Basel II, Basel III, and the International Financial Reporting Standard
9 (IFRS 9) [1]. The significance of credit risk modeling mainly lies
in three aspects: (1) Reminding borrowers to identify risks early and
adjust their financial activities and strategies; (2) Helping financial
institutions to determine the financial risks of borrowers and make
reasonable loan decisions; (3) Assisting financial regulators to grasp
the financial situation of borrowers in a timely manner and strengthen
supervision to maintain the stability of the financial market.

Machine learning (ML) and judgmental methods are the two main
approaches to credit risk modeling [2], with ML methods are currently
considered more promising than traditional judgmental approaches, as
financial institutions need to make real-time credit decisions to remain
competitive in the digital world. Among the various methods for credit
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risk classification (CRC), the most popular techniques include Logis-
tic Regression, Survival Analysis, Random Forests, Gradient Boosting,
Markov Chain Modeling, and Neural Networks [2,3]. The advantages of
ML methods include automatic and timely decisions [4], high accuracy
driven by big data [5], impartiality [6], and low likelihood of artificial
dishonesty [3].

However, CRC often faces challenging learning environments in
the new financial world. Three primary issues are lack of labeled
data, cross-domain heterogeneity, and class imbalance. Firstly, many
financial institutions have limited labeled data to train ML models
due to the costly process of labeling vast amounts of data [7]. Some
new financial institutions or applications may even lack labeled data
altogether. Secondly, while transfer learning can mitigate the shortage
of labeled data by leveraging knowledge from related domains and
enhancing learning performance in the current domain [7,8], cross-
domain heterogeneity poses a significant barrier to achieving successful
transfer. Lastly, the data in CRC applications is often inherently imbal-
anced [9], easily leading to a trained model exhibiting high accuracy
in predicting the majority class but poor accuracy in predicting the
minority class. In other words, such a biased model would overfit
the majority class, and the correlations between the data features and
classes it captures would be false. This has significant implications
for financial institutions, as mistakenly accepting borrowers with high
credit risk is far more detrimental than wrongly rejecting borrowers
with low credit risk. Thus, for CRC under class imbalances, minorities
carry more critical information than majorities, although they are
smaller in number and less representative. Accordingly, the primary
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learning goal of credit risk modeling is usually the ability to classify
those minorities correctly. Training a model on imbalanced data results
in three inherent flaws [10]: (1) Biased: The model tends to be biased
towards the majority class and struggles to recognize patterns and
characteristics in the minority class. (2) Over-fitting: Due to the first
flaw, the model may over-fit the majority class, assuming there are
no minority classes in most cases and prioritizing the prediction of the
majority class. (3) False correlations: The model fails to capture valid
correlations between classes and features in imbalanced data, which is
crucial for credit risk models to understand how each feature affects
both the minority and majority classes.

In the field of CRC, ML methods outperform traditional statisti-
cal methods in performance, especially when dealing with nonlinear
patterns [11]. In prior studies, supervised ML methods are still the
most popular, and the performance of ensemble or hybrid algorithms
is superior to that of standalone algorithms [11,12]. To the best of
our knowledge, semi-supervised heterogeneous domain adaptation that
attempts to solve CRC problems with a lack of labeled data, cross-
domain heterogeneity, and class imbalance is a relatively emerging
research area. The above three challenges often coexist in CRC ap-
plications; however, existing ML methods can simultaneously solve
only some of these problems. Therefore, we propose a semi-supervised
heterogeneous domain adaptation approach called Semi-Supervised
Transfer Adaptive Neural Forests (STANF) and an Imbalanced Data

ugmentation (IDA) method to address all these problems with a single
neural network-based model. The primary improvement of STANF over
current CRC methods is its innovative adoption of semi-supervised
heterogeneous domain adaptation to solve the few-sample CRC prob-
lem. When transferring knowledge from the source domain to improve
learning from the target domain, STANF can identify and strengthen
the related cross-domain information, equivalent to weakening the
unrelated cross-domain information to mitigate the negative effect of
cross-domain heterogeneity. Moreover, STANF can utilize the informa-
tion available in unlabeled data to aid learning from a small amount
of labeled data through predictive and structural consistency. Another
significant improvement of STANF is that it addresses the inherent class
imbalance prevalent in financial data. A cost-sensitive loss function is
proposed to improve the quality of knowledge acquisition from class-
imbalanced source data. IDA is also proposed to compensate for the lack
of attention to the minority class when learning from class-imbalanced
target data. The contributions of the paper are summarized as follows:

• It enhances semi-supervised heterogeneous domain adaptation
methods for few-sample credit risk classification applications un-
der various few-label and class-imbalanced regimes.

• By integrating heterogeneous transfer learning and imbalanced
learning techniques, the proposed method can solve the problems
of lack of labeled data, cross-domain heterogeneity and class im-
balance with only one model. Experiments on four representative
benchmark datasets in credit risk classification demonstrate the
method’s superiority.

• It also suggests a novel imbalanced data augmentation method for
semi-supervised heterogeneous domain adaptation. This method
has three main advantages: (1) It can mitigate data bias mainly
caused by fewer labels and imbalanced classes; (2) It can improve
the generalization performance of models; (3) It is compatible
with end-to-end learning and can be easily extended to other
learning methods. Extensive experiments indicate the efficacy of
the method.

. Related work

This section provides an overview of existing methods for semi-
upervised heterogeneous domain adaptation and related methods for
2

mbalanced classification and imbalanced data augmentation.
2.1. Semi-supervised heterogeneous domain adaptation

Semi-supervised heterogeneous domain adaptation is one of the
transfer learning settings [8,13]. In the process of using the knowledge
from the source domain to improve the classification performance of
the target domain, the source and the target domains are heteroge-
neous, but the labels are shared, and the source domain has the labels
while the target domain only has a few labels for each class. Semi-
supervised heterogeneous domain adaptation methods can be roughly
divided into four types: geometric or statistical alignment, instance
reweighting, pseudo-label strategies, and feature augmentation [14].
For example, the instance-reweighting method, Cross-Domain Land-
mark Selection [15], learns two linear feature transformations and
estimates the source and target data weights. Another example is the
pseudo-label-strategy method, Generalized Joint Distribution Adapta-
tion [16], which projects source data and target data into a latent space
by learning feature transformations and then eliminates the difference
between projected cross-domain heterogeneous data. In addition, the
hybrid of neural networks and ensemble trees has also made success-
ful progress in dealing with Semi-supervised heterogeneous domain
adaptation problems, in which the Transfer Neural Tree [17] method
selects the appropriate feature mapping from the latent space extracted
by neural networks to jointly solve cross-domain feature mapping,
adaptation, and classification problems.

2.2. Imbalanced classification

Imbalanced classification refers to a classification predictive mod-
eling problem where the number of samples over each class in the
training dataset is not balanced (i.e., the class distribution is not
equal or close to equal but biased or skewed) [18]. The existing
methods for imbalance classification can be roughly summarized into
three categories: rebalancing sampling, cost-sensitive learning, and
algorithm improvement. Rebalancing sampling aims to balance the
number of training samples for each class during model training [18].
It includes random over-sampling and under-sampling techniques [10].
The former provides balanced data for model training by increasing
the probability of the minority class being selected through various
sampling strategies, while the latter achieves this by decreasing the
probability of the majority class being selected [10]. Cost-sensitive
learning techniques induce model training by balancing the degree of
attention to each class, specifically reducing the contribution of the
majority class to the loss function while increasing the contribution of
the minority class [18]. In cost-sensitive learning, class-level reweight-
ing adjusts the loss values of different classes according to the label
frequency of the training samples. The class-level re-margining deals
with class imbalance by adjusting the minimum distance between the
features learned by other classes and the classifier’s decision bound-
ary [18]. From the perspective of algorithm improvement, imbalanced
classification methods mainly include modes: (1) improving the feature
extractor by optimizing representation learning, (2) enhancing the
classifier by designing imbalanced model training methods, (3) refining
the learning process of the feature extractor and classifier by decoupling
training, and (4) improving the robustness and generalization of the
network architecture by ensemble learning [19].

2.3. Imbalanced data augmentation

Imbalanced data augmentation introduces additional information
into model training to enhance the quantity and quality of training
data to improve imbalanced learning performance [20]. Among them,
various methods [20–22] based on Mixup [23] make the synthesized
samples closer to the minority class by adjusting the parameters of
Mixup, thus expanding the domain covered by the training set. Such
methods enable a model to learn the results of simple linear interpola-
tion of labels in the in-between domain not covered by the original
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training samples, thereby improving the model’s generalization per-
formance beyond the training samples. [24] explains Mixup from the
perspective of regularization, arguing that linear interpolation is based
on the simplified spatial assumption that linear weights of inputs can
be mapped to linear weights of outputs. This assumption acts as a
priori to regularize the model training to make the decision boundaries
smoother and further away from the high-density domain of the sam-
ples. Various imbalanced data augmentation methods based on Mixup
can be implemented as on-the-fly modules to be transparently used
in a network architecture instead of explicitly using other imbalanced
learning methods that introduce complexity. This is especially desirable
for standard machine learning methods that assume roughly equal
samples over each class.

3. Problem formulation

3.1. Basic definitions

Before giving the problem setup, let us introduce the relevant
definitions. Let  ⊂ R𝑑 be a feature space and  = {1,… , 𝐶} be a
label space. 𝑃 (𝑋, 𝑌 ) is a joint distribution, where 𝑋 ∈  and 𝑌 ∈ 
re random variables.

efinition 1 (Few-Label Classification). Given a training dataset 𝐷
onsisting of two subsets called labeled and unlabeled data:

𝐿 = {(𝐱𝑙1, 𝑦
𝑙
1),… , (𝐱𝑙

𝑛𝑙
, 𝑦𝑙

𝑛𝑙
)} ∼ 𝑃 (𝑋, 𝑌 ) 𝑖.𝑖.𝑑.,

𝑈 = {𝐱𝑢1,… , 𝐱𝑢𝑛𝑢} ∼ 𝑃 (𝑋) 𝑖.𝑖.𝑑.,

here 𝐷𝐿 ∩𝐷𝑈 = ∅, 𝑛𝑙 and 𝑛𝑢 are the number of labeled and unlabeled
amples, and 𝑛𝑙 ≪ 𝑛𝑢. Few-label classification refers to a classification
redictive modeling problem that seeks to learn a classifier 𝑓 ∶  → 
rom 𝐷 to accurately classify data from  .

efinition 2 (Imbalanced Classification). Given a training dataset 𝐷 =
(𝐱1, 𝑦1),… , (𝐱𝑛, 𝑦𝑛)} ∼ 𝑃 (𝑋, 𝑌 ) 𝑖.𝑖.𝑑., where each sample has a cor-
esponding label (i.e., 𝑛 =

∑𝐶
𝑐=1 |𝐷𝑐 |, here 𝐷𝑐 is a set of samples

elonging to class 𝑐), and 𝑛𝑀𝑖𝑛 ≪ 𝑛𝑀𝑎𝑗 , here 𝑛𝑀𝑖𝑛 = min𝑐∈ {|𝐷𝑐 |}
nd 𝑛𝑀𝑎𝑗 = max𝑐∈ {|𝐷𝑐 |} represent the largest and smallest class
izes over all classes (i.e., the number of the minority and majority
amples). Imbalanced classification refers to a classification predictive
odeling problem that aims to learn a classifier 𝑓 ∶  →  from 𝐷
ith an imbalanced class distribution to accurately classify data from
(especially those belonging to minority classes). In an imbalanced

lassification problem, the degree of class imbalance (DCI) is defined
n terms of the maximum imbalance ratio between class sizes, i.e.,

CI =
𝑛Maj

𝑛Min
=

max𝑐∈ {|𝐷𝑐 |}
min𝑐∈ {|𝐷𝑐 |}

. (1)

A multi-class problem can be transformed into a set of binary classi-
ication problems through class decomposition. Accordingly, when  =
0, 1}, Definition 2 degenerates into imbalanced binary classification, as
ollows:

efinition 3 (Imbalanced Binary Classification). Given a training dataset
consisting of two sets of samples called positive and negative data:

𝑃 = {(𝐱, 𝑦) ∈ 𝐷|𝑦 = 1},

𝑁 = {(𝐱, 𝑦) ∈ 𝐷|𝑦 = 0},

where 𝐷𝑃 ∪ 𝐷𝑁 = 𝐷, 𝐷𝑃 ∩ 𝐷𝑁 = ∅, and |𝐷𝑃 | ≪ |𝐷𝑁 |. Thus,
𝑃 and 𝐷𝑁 are also called the minority and majority samples (or

imply the minorities and majorities), and positive and negative classes
re also referred to as the minority and majority classes. Imbalanced
inary classification refers to a binary classification predictive modeling
roblem that aims to learn a classifier 𝑓 ∶  →  from 𝐷 with
n imbalanced class distribution to accurately classify data from 
especially those belonging to the minority class). In an imbalanced
3

inary classification problem, the degree of class imbalance (DCI) is
efined as the ratio of the majority to minority class sizes, as follows:

CI =
𝑛Maj

𝑛Min
=

|𝐷𝑁 |

|𝐷𝑃 |
. (2)

3.2. Problem setup

The credit risk classification studied in this paper can be summa-
rized as a transfer learning problem in which the source and target
domains are heterogeneous, the available labeled data from the target
domain is small, and the class distributions of source and/or target
domains are imbalanced. We call it a semi-supervised heterogeneous
domain adaptation problem under a few-label and class-imbalanced
regime (SHDA-under-FL&CI). The complexity of SHDA-under-FL&CI
can be seen from the fact that source learning and/or target learning
are imbalanced classification problems, and target learning is also a
few-label classification problem. Let 𝑠 ⊂ R𝑑1 ,  𝑡 ⊂ R𝑑2 be feature
spaces and  = {1,… , 𝐶} be a label space. Source domain and target
domain are two different joint distributions 𝑃 (𝑋𝑠, 𝑌 𝑠) and 𝑃 (𝑋𝑡, 𝑌 𝑡),
where 𝑋𝑠 ∈ 𝑠, 𝑋𝑡 ∈  𝑡 and 𝑌 𝑠, 𝑌 𝑡 ∈  are random variables. Then,
we propose SHDA-under-FL&CI as follows:

Definition 4 (SHDA-under-FL&CI). Given sets of samples called the
labeled source, labeled target and unlabeled target data drawn from
heterogeneous domains (𝑠 ≠  𝑡):

𝐷𝑆 = {(𝐱𝑠1, 𝑦
𝑠
1),… , (𝐱𝑠𝑛𝑠 , 𝑦

𝑠
𝑛𝑠 )} ∼ 𝑃 (𝑋𝑠, 𝑌 𝑠) 𝑖.𝑖.𝑑.,

𝐷𝐿 = {(𝐱𝑙1, 𝑦
𝑙
1),… , (𝐱𝑙

𝑛𝑙
, 𝑦𝑙

𝑛𝑙
)} ∼ 𝑃 (𝑋𝑡, 𝑌 𝑡) 𝑖.𝑖.𝑑.,

𝑈 = {𝐱𝑢1,… , 𝐱𝑢𝑛𝑢} ∼ 𝑃 (𝑋𝑡) 𝑖.𝑖.𝑑.,

where 𝑛𝑙 ≪ 𝑛𝑢, 𝑛𝑙 ≪ 𝑛𝑠, 𝑛𝑠𝑀𝑖𝑛 ≪ 𝑛𝑠𝑀𝑎𝑗 and/or 𝑛𝑙𝑀𝑖𝑛 ≪ 𝑛𝑙𝑀𝑎𝑗 . The degree
of class imbalance in 𝐷𝐿 and 𝐷𝑆 can be calculated by Eq. (1). A semi-
upervised heterogeneous domain adaptation problem under few labels
nd class imbalance is to train a target classifier 𝑓 ∶  𝑡 →  using
ata 𝐷𝑆 , 𝐷𝐿 and 𝐷𝑈 such that 𝑓 classifies the unlabeled target data
ccurately.

. Proposed methods

This section begins with an introduction to the proposed model
rchitecture, followed by elaborations on how the model works in
orward and backpropagation. It then elucidates the operation of the
mbalanced data augmentation method. Finally, it summarizes the
earning framework.

.1. Model architecture

Considering the robust representation learning and generalization
erformance of neural networks [14,25,26] as well as the potential
f Random Forests in selecting hidden features [27], our focus is on
nvestigating hybrid model architectures that combine neural networks
nd random forests. Building on the insights from prior studies [17,28],
e propose a novel model architecture for SHDA-under-FL&CI. Instead
f using traditional techniques such as softmax, we further propose
daptive Neural Forests (ANF), a variant of Deep Neural Decision

Forests [28], as the output layer of the model architecture.
Figure 1 shows an example of the proposed architecture, where NN

represents a conventional neural network, which we call the represen-
tation learning layer; ANF is a neural network-based ensemble model
consisting of a set of neural trees (NTs), which we refer to as the
classification learning layer. Each NT in ANF is a neural network-based
tree model that seamlessly integrates a fully connected layer (as shown
by the intersection layer of NN and NT in Figure 1) and a decision tree,
making end-to-end learning possible.

Notably, NN and ANF are specifically designed to be loosely cou-
pled, whereby we have the flexibility to replace NN with any other
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Fig. 1. An example of the model architecture.
type of neural network that can efficiently extract representations
depending on the characteristics of the data. It is also important to
note that the fully connected layer of each NT in ANF implements the
Random Forests’ random feature selection strategy, making each NT a
random adapter. This property is the basis of ANF’s adaptability across
heterogeneous domains. Although some NTs in ANF may share some
parameters of NN, the random feature selection strategy can still retain
the independence of each NT.

4.2. Forward propagation

4.2.1. Representation learning layer
The representation learning layer of the model extracts represen-

tations from the input feature space into the feature mapping space.
Depending on the characteristics of the data, various neural networks
can be flexibly selected to perform representation learning. The NN
illustrated in Fig. 1 is an example of a fully connected layer with a
hyperbolic tangent function as its activation function. In other words,
the representation learning layer operates in the same forward propaga-
tion manner as a conventional neural network. In this paper, we use 𝑆
and 𝑇 to represent the representational learning layers of the source
and target models, respectively. Both have a set of trainable parameters
denoted by Θ.

4.2.2. Classification learning layer
As the classification learning layer of the model, ANF (denoted by

) adopts the Random Forests learning paradigm to randomly route the
feature maps extracted by the representation learning layer and pro-
duce the final output. Traditional deterministic decision trees cannot be
seamlessly integrated with neural networks because they are incompat-
ible with backpropagation algorithms. Therefore, we utilize the Neural
Tree from dNDF [28] as the base learner of . Such a design allows us
to leverage the random routing and differentiable properties of neural
trees to learn all decision and leaf nodes through backpropagation.
However, neural trees are not easily extended to semi-supervised het-
erogeneous domain adaptation tasks. To address this limitation, we
introduce stochastic pruning and embedding loss techniques from [17]
4

into ANF. Also, we propose a cost-sensitive loss function combined with
rebalancing sampling to handle class imbalance.

ANF initially distributes the input, the feature maps output by the
representation learning layer, to each of its neural trees to continue
forward propagation. Within each tree, propagation proceeds as fol-
lows: (1) the fully connected layer first randomly selects a portion of
the input based on a predetermined fraction and then outputs it one-to-
one to the decision nodes (except the leaf nodes) of the decision tree.
This implies that the number of neurons in the fully connected layer
is exactly equal to the number of the decision nodes in the decision
tree; (2) the decision nodes are responsible for randomly routing the
input to the leaf nodes, which is equivalent to hierarchically dividing
the decision space by hyperplanes to build a high-dimensional manifold
decision space; (3) the leaf nodes finally give a probability distribution
of the input over all classes as the output of the individual tree.

Given an adaptive neural forest 𝐅 composed of 𝑛𝑇 neural trees, each
tree 𝐓 consists of  internal decision nodes and  terminal leaf nodes.

Decision Nodes in Trees. Let 𝜇𝓁(𝐱|Θ) be the stochastic routing
function of decision node 𝑛 ∈  for the probability of a sample 𝐱
reaching leaf node 𝓁 ∈ , which is defined as

𝜇𝓁(𝐱|Θ) =
∏

𝑛∈
𝑑𝑛(𝐱;Θ)1𝓁↙𝑛𝑑𝑛(𝐱;Θ)1𝓁↘𝑛 , (3)

where 𝑑𝑛(𝐱;Θ) denotes the decision function that determines whether
the sample 𝐱, at decision node 𝑛, will be directed to the left or right
node at the subsequent level, i.e., with the sigmoid function 𝜎 = (1 +
𝑒−𝑥)−1 and the decision node 𝑛 with the architecture weights 𝜃𝑛,

𝑑𝑛(𝐱;Θ) = 𝜎(𝑓𝑛(𝐱;Θ)), (4)

here

𝑓𝑛(𝐱;Θ) = 𝜃𝑇𝑛 𝐱; (5)

and the indicator functions 1𝓁↙𝑛 and 1𝓁↘𝑛 represent the decisions
made when traversing a path along 𝐓.

Leaf Nodes in Trees. Let 𝜋𝓁𝑦 be the class-label distribution for
sample 𝐱 in leaf node 𝓁, which is updated at iteration 𝑡 + 1 by

𝜋(𝑡+1)
𝓁𝑦

= 1
(𝑡)
(𝑝𝑑 +

∑

1𝑦=𝑦′𝜇𝓁(𝐱|Θ)𝜋(𝑡)
𝓁𝑦

P [𝑦|𝐱,Θ,𝝅(𝑡)]
), (6)
𝑍𝓁 (𝐱,𝑦′)∈𝐷𝑆 𝐓
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where 𝝅(𝑡) represents the derived class-label distribution at iteration
, and 𝑍(𝑡)

𝓁 is the normalizing factor ensuring that ∑

(𝑦) 𝜋
(𝑡+1)
𝓁𝑦

= 1.
The starting point 𝜋(0) can be arbitrary as long as each member is
positive. Note that 𝑝𝑑 is a pruning term [17], which can suppress the
extreme disparity in the class-label distribution when updating each
leaf node. Using Eq. (6) is equivalent to a stochastic pruning process,
which can improve the adaptability of  in the transfer learning across
heterogeneous domains [17].

Prediction of Trees. The final prediction made by each individual
tree 𝐓 in forest 𝐅 for sample 𝐱 is given by

P𝐓[𝑦|𝐱,Θ,𝝅] =
∑

𝓁∈
𝜇𝓁(𝐱|Θ)𝜋𝓁𝑦 . (7)

Prediction of Forests. With the predictions for sample 𝐱 given by
all individual trees, the entire forest 𝐅 gives the final overall prediction
by

P𝐅[𝑦|𝐱,Θ,𝝅] = 1
𝑛𝑇

∑

𝐓∈𝐅
P𝐓[𝑦|𝐱,Θ,𝝅]. (8)

4.3. Backpropagation

With the compatibility of ANF (i.e., ) for backpropagation algo-
rithms, models can be trained end-to-end by optimizing the total loss in
source and target learning. However, source and target learning differ
according to the objective function in their optimization task.

4.3.1. Source learning
The source model is trained on labeled source data 𝐷𝑆 in a super-

vised manner to prepare adaptive and unbiased classification knowl-
edge for training the target model. The loss function for labeled training
sample (𝐱, 𝑦) in learning is determined by the log-loss term, which is as
follows:

𝐿(Θ,𝝅; 𝐱, 𝑦) = − log (P𝐓[𝑦|𝐱,Θ,𝝅]). (9)

Then, our goal is to minimize the following risk term:

𝐿𝑝(Θ,𝝅; 𝐱, 𝑦) = 1
𝑛𝑇

∑

𝐓∈𝐅

𝑛𝑠
∑

𝑖=1

1
∑𝑛𝑠

𝑖=1 𝑤𝑦𝑖

𝐿𝑝(Θ,𝝅; 𝐱, 𝑦), (10)

where 𝑤𝑦𝑖 is the weight assigned to class 𝑦𝑖 to which the 𝑖th training
ample belongs. Note that the term 1∕

∑𝑛𝑠
𝑖=1 𝑤𝑦𝑖 increases the contri-

bution of the minority class in imbalanced data to the loss, making
parameter updates more sensitive to the minority class and vice versa
for the majority class. We refer to Eq. (10) as a cost-sensitive loss
function (CS-loss). The objective function based on such loss function
can guide the learning to pay more attention to the minority class,
thereby reducing the risk of the model being biased towards the major-
ity class. With Eq. (10) as the overall objective function of optimization,
when learning from 𝐷𝑆 , both the representation learning layer 𝑆 and
lassification learning layer  of the source model is updated by

min
𝑆 ,

∑

(𝐱,𝑦)∈𝐷𝑆

𝐿𝑝(Θ,𝝅; 𝐱, 𝑦). (11)

Accordingly, in back-propagation, the gradient of the loss 𝐿𝑝 with
espect to 𝜃 can be decomposed by the chain rule as follows:
𝜕𝐿𝑝

𝜕𝜃
(Θ,𝝅; 𝐱, 𝑦) =

∑

𝑛∈

𝜕𝐿𝑝(Θ,𝝅; 𝐱, 𝑦)
𝜕𝑓𝑛( (𝐱),Θ)

𝜕𝑓𝑛( (𝐱),Θ)
𝜕𝜃

, (12)

where  includes 𝑆 and 𝑇 .

4.3.2. Target learning
Knowledge learned from the source data is transferred by reusing

the trained classification learning layer  of the source model in the
target model. Meanwhile, the target model is trained on labeled target
data 𝐷𝐿 and unlabeled target data 𝐷𝑈 in a semi-supervised manner,
5

which means that only the representation learning layer 𝑇 of the
target model is updated in the backpropagation, while the reused  is
fixed.

Heterogeneous domain adaptation. Reusing  enables the tar-
get learning to observe and maintain the predictive and structural
consistency between labeled cross-domain data, thus achieving het-
erogeneous domain adaptation. Furthermore, as shown in Eq. (6), the
stochastic pruning process [17] in  allows the target learning to
recognize and adapt to the representative neurons involved in the cross-
domain data. Moreover, as described in Section 4.1, the random feature
selection strategy in  further enhances the adaptability of the target
learning to heterogeneous transfer learning.

Semi-supervised learning. In order to learn the target model from
𝐷𝐿 and 𝐷𝑈 in a semi-supervised manner, instead of updating 𝑇 by
q. (11) alone, we introduce the loss term from [17], which is defined
s

𝑒(Θ,𝝅; 𝐱) = 1
𝑛𝑇

∑

𝑦̃
−P𝐓[𝑦̃|𝐱,Θ,𝝅]

P𝐅[𝑦̃|𝐱,Θ,𝝅]
P𝐅[𝑦̃|Θ,𝝅]

= −
∑

𝑦̃

P𝐅[𝑦̃|𝐱,Θ,𝝅]2

P𝐅[𝑦̃|Θ,𝝅]
, (13)

where 𝑦̃ represents the output label of input 𝐱 ∈ {𝐷𝐿, 𝐷𝑈 }, and
𝐅[𝑦̃|Θ,𝝅] is computed by

𝐅[𝑦̃|Θ,𝝅] = 1
𝑛𝑙 + 𝑛𝑢

∑

𝐱∈{𝐷𝐿 ,𝐷𝑈 }
P𝐅[𝑦̃|𝐱,Θ,𝝅], (14)

which can be regarded as a normalized factor. Accordingly, the opti-
mization task when learning from the target data becomes

min
𝑇

∑

(𝐱,𝑦)∈𝐷𝐿

𝐿𝑝(Θ,𝝅; 𝐱, 𝑦) + 𝜆
∑

(𝐱,𝑦)∈𝐷𝐿

𝐿𝑒(Θ,𝝅; 𝐱), (15)

where 𝜆 is a regularization parameter to adjust the learning rate cor-
responding to 𝐿𝑒. The derivatives of 𝐿𝑝 and 𝐿𝑒 with respect to 𝛩 can
then be used to update the model parameters in backpropagation. The
derivative of 𝐿𝑝 is the same as Eq. (12), while the partial derivative of
𝐿𝑒 with respect to 𝑓𝑛 is calculated as follows:
𝜕𝐿𝑒
𝜕𝛩

(Θ,𝝅; 𝐱, 𝑦) =
∑

𝑦̃

𝜕𝐿𝑒(Θ,𝝅; 𝐱)
𝜕P𝐓[𝑦̃|𝐱,Θ,𝝅]

𝜕P𝐓[𝑦̃|𝐱,Θ,𝝅]
𝜕𝑓𝑛( (𝐱),Θ)

. (16)

The details of the above derivations can be found in [17].

4.4. Imbalanced data augmentation

Neither cost-sensitive learning nor rebalancing sampling methods
can fully capture the true distribution of the data with few labels
and imbalanced classes, nor can they effectively solve information
lack or loss [29]. The lack of information usually causes the model
to misclassify the sample space as smaller than the actual one, and
the loss of information often results in the sample space learned by
the model deviating from the actual one. In other words, none of
these methods can fully solve the dilemma that a small group of
samples has difficulty representing the true sample space. To address
the above data bias, we propose an Imbalanced Data Augmentation
(IDA) method. It enables STANF to use various combinations of data
augmentation and rebalancing sampling techniques. The basic strategy
of IDA is to enhance the dominance of the minority class in training
and finally make the decision boundary given by the model move
towards the majority sample space. IDA prefers to synthesize mixed
samples closer to the minority class, thereby strictly constraining the
majority sample space from which the model may learn. Moreover, our
IDA has the advantage of typical data augmentation methods, which
regularize the trained model by adding convex perturbations, a.k.a. out-
of-manifold samples [30], to the training data, thereby improving the
model’s generalization performance. Benefiting from recent advances
in imbalanced data augmentation techniques [20–22], we also use

Mixup [23] as the base mixer for synthesizing samples in IDA.
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Fig. 2. An illustration of how IDA changes the marginal space from which the mixed samples are synthesized and how this affects the decision boundaries for classification.
The blue and red dots represent majority and minority samples, respectively, and the light blue and light red blocks represent the augmented majority and minority samples,
respectively. Let the black dashed curves be the true boundaries between the majority and the minority sample spaces, and the black solid lines be the decision boundaries provided
by the classifier. The blue dashed lines span the possible marginal spaces for synthesizing both majority and minority samples, while the red dashed lines span only the possible
marginal spaces for synthesizing minority samples.
Given an imbalanced dataset 𝐷 = {(𝐱𝑖, 𝑦𝑖),… , (𝐱𝑛, 𝑦𝑛)}, IDA synthe-
sizes dataset 𝐷𝐼𝐷𝐴 = {(𝐱̃𝑖, 𝑦̃𝑖),… , (𝐱̃𝑚, 𝑦̃𝑚)} from 𝐷, where 𝑚 = 𝑟 × 𝑛 and
𝑟 ∈ N represents how many times the sample size is to be increased.
Mixed samples are specifically synthesized by convex combinations of
pairs of random samples and their labels, i.e., each mixed sample (𝐱̃, 𝑦̃)
is constructed by linear interpolation as follows:

𝐱̃ = 𝜆𝑥𝐱𝑖 + (1 − 𝜆𝑥)𝐱𝑗 ,
𝑦̃ = 𝜆𝑦𝑦𝑖 + (1 − 𝜆𝑦)𝑦𝑗 ,

(17)

where 𝐱𝑖 and 𝐱𝑗 are the features of two samples randomly drawn from
𝐷, 𝑦𝑖 and 𝑦𝑗 are the labels corresponding to 𝐱𝑖 and 𝐱𝑗 , 𝜆𝑥 and 𝜆𝑦 are
regulatory factors for mixing features and labels, respectively. More
specifically, each 𝜆𝑥 is sampled from the beta distribution in the same
way as Mixup, i.e.,

𝜆𝑥 ∼ 𝐵𝑒𝑡𝑎(𝛼, 𝛼), 𝛼 > 0, (18)

here, 𝛼 determines the dispersion of the distribution. However, the ac-
quisition of each 𝜆𝑦 varies, and it is relaxed by the following piecewise
function so that more of the resultant samples belong to the minority
class:

𝜆𝑦 =

⎧

⎪

⎨

⎪

⎩

0 for 𝜆𝑥 < 𝜏, 𝑦𝑖 = 0, 𝑦𝑗 = 1
1 for 1 − 𝜆𝑥 < 𝜏, 𝑦𝑖 = 1, 𝑦𝑗 = 0

𝜆𝑥 for otherwise
, (19)

where 𝜏 ∈ [0, 0.5] is the threshold that determines the strength of
preference for the minority class when assigning mixed labels, and 0
and 1 represent the majority and minority classes, respectively. From
the above, we can see that 𝜆𝑥 ∈ (0, 1), and 𝜆𝑦 ∈ [0, 1].

Fig. 2 illustrates how IDA changes the marginal space from which
the mixed samples are synthesized and how this affects the decision
boundaries for classification. In the three diagrams from the left to the
right, 𝜏 gradually increases from 0 to 0.5, and accordingly, IDA synthe-
sizes more samples that approximate the minority class (light red dots),
indicating that the possible marginal space for synthesizing minority
samples gradually expands, as indicated by the gradual increase of the
red dashed line. Thus, our method eventually moves the classifier’s
decision boundary to the majority sample space. Algorithm 1 presents
the operation process of IDA.

Since the learnability of the datasets to be learned often varies,
the hyperparameter 𝜏 of IDA needs to be dynamically adjusted during
training. There are three main reasons for the variety of learnability:
(1) Under certain conditions, the negative impact of class imbalance
on the model can be negligible [31]. For example, if both majority and
minority classes are well represented and come from non-overlapping
6

Algorithm 1 IDA.
Input: Dataset 𝐷 = {(𝐱𝑖, 𝑦𝑖),… , (𝐱𝑛, 𝑦𝑛)}; Multiplier 𝑟; Parameter 𝛼;

Threshold 𝜏
Output: Augmented dataset 𝐷𝐼𝐷𝐴 = {(𝐱̃𝑖, 𝑦̃𝑖),… , (𝐱̃𝑚, 𝑦̃𝑚)}, 𝑚 = 𝑟 × 𝑛
1: for all 𝑖 ∈ {1,… , 𝑟 × 𝑛} do
2: Randomly draw sample pair (𝐱𝑖, 𝑦𝑖; 𝐱𝑗 , 𝑦𝑗 ) from 𝐷
3: Sample 𝜆𝑥 according to Eq. (18)
4: Compute 𝜆𝑦 by Eq. (19)
5: Mix sample (𝐱̃, 𝑦̃) by Eq. (17)
6: Load (𝐱̃, 𝑦̃) to 𝐷𝐼𝐷𝐴

7: end for

distributions, desired learning outcomes can be achieved regardless of
the class imbalance. For another example, the sensitivity of learning
methods to class imbalance increases with the complexity of the classi-
fication problem, while non-complex linear separable problems are not
affected by different degrees of class imbalance. However, the extent to
which a classification problem satisfies such ideal learning conditions is
difficult to determine prior to learning. (2) For large-scale datasets, the
total number of minority samples is more important than the degree of
class imbalance [31]. For example, a dataset with a minority sample
size of only 1% and a total sample size of 1 million, 10,000 minority
samples is still large for model training, although the class imbalance
is severe. (3) The marginal space between the minority and majority
sample spaces is uncertain.

The advantage of IDA over conventional rebalancing sampling or
data augmentation methods is that it can improve the learning per-
formance of the minority class by synthesizing additional information
about the minority class without losing the learning performance of the
majority class. To be compatible with the end-to-end learning model,
we designed IDA to be plug-and-play. As a result, it can be enabled
before the entire training session or at the beginning of each training
batch. However, for SHDA-under-FL&CI, we do not recommend using
it in batches in mini-batch learning mode due to the particularity of
imbalanced data. The main reason is that there are few or no minority
samples in each batch, in which case IDA adds more noise than helpful
information, and it is conceivable that the model learned from such
data is more likely to become worse than better.

4.5. Learning framework

Thanks to the loose coupling property of the proposed model archi-
tecture, we can train its classification and representation learning layers



Neurocomputing 596 (2024) 127948Z. Liu et al.
Fig. 3. The learning framework of STANF for SHDA-under-FL&CI.
in a phased manner. The learning framework based on the proposed
methods STANF and IDA consists of three main stages: source learning,
model reassembly, and target learning. Fig. 3 illustrates the learning
stages, data flows, built-in components and their dependencies in the
framework.

The learning procedure of STANF can be summarized as follows:
(1) In the source learning, 𝑆 and  are trained on 𝐷𝑆 with mini-batch
gradient descent based on the proposed CS-loss until convergence con-
ditions are met, or all epochs are iterated. (2) In the model reassembly,
The model is reassembled for heterogeneous domain adaptation, i.e., 
of the trained source model is reused in the target model, but 𝑆 is
replaced with a new one 𝑇 . (3) In the target learning, heterogeneous
domain adaptation is achieved by fixing  of the source model, which
means that  is not updated but only 𝑇 is trained. 𝐷𝐿 is first replaced
by a relatively class-balanced dataset synthesized through rebalancing
sampling and Algorithm 1, and then 𝑇 is trained in a semi-supervised
manner on augmented 𝐷𝐿 and 𝐷𝑈 until convergence conditions are
satisfied or all epochs are completed. Algorithm 2 is pseudocode for
the learning procedure of STANF.

It is worth noting that we use the softer CS-loss in source learning
rather than the harder IDA or rebalancing sampling. The main reason
is that the total number of minority samples available is more at stake
than its ratio or percentage [31]. In the case of relatively abundant
source data, the error information introduced by synthesizing minority
samples may be more likely to harm the model’s performance than the
scarcity or under-representation of the minority class. In other words,
even a high degree of class imbalance is not the only criterion for
adopting IDA or rebalancing sampling. Also, rebalancing sampling and
algorithm 1 can be used in various combinations, either by replacing
or incorporating the original data with augmented data or by replacing
or incorporating the rebalanced samples from the original data with
augmented data. including (1) replacing the original data with aug-
mented data, (2) merging the augmented data into the original data,
(3) replacing the rebalanced samples drawn from the original data
with augmented data, (4) merging the augmented data into the rebal-
anced samples drawn from the original data, or even more complex
combinations.
7

Algorithm 2 STANF for SHDA-under-FL&CI.
Input: Labeled source data 𝐷𝑆 = {(𝐱𝑠1, 𝑦

𝑠
1), ..., (𝐱

𝑠
𝑛𝑠 , 𝑦

𝑠
𝑛𝑠 )}; Labeled target

data 𝐷𝐿 = {(𝐱𝑙1, 𝑦
𝑙
1), ..., (𝐱

𝑙
𝑛𝑙
, 𝑦𝑙

𝑛𝑙
)}; Unlabeled target data 𝐷𝑈 =

{𝐱𝑢1, ..., 𝐱
𝑢
𝑛𝑢}

Output: Classifier  with network weights 𝚯 and class-label distribu-
tion 𝜋

1: Randomly initialize network weights 𝚯 and class-label distribution
𝜋

2: repeat
3: Sample (𝐱, 𝑦) from 𝐷𝑆
4: Update 𝜋 in  by Eq. (6)
5: Update 𝚯 in 𝑆 and  of  by the gradient of Eq. (11)
6: until 𝚯 and 𝜋 converge
7: Sample class-balanced dataset 𝐷𝑅𝑆

𝐿 from 𝐷𝐿
8: Augment 𝐷𝐿 to 𝐷𝐼𝐷𝐴

𝐿 with Algorithm 1
9: Replace 𝐷𝐿 with a combination of 𝐷𝑅𝑆

𝐿 and 𝐷𝐼𝐷𝐴
𝐿

10: repeat
11: Take all (𝐱, 𝑦) in augmented 𝐷𝐿 and all 𝐱 in 𝐷𝑈
12: Update 𝚯 in 𝑇 of  by the gradient of Eq. (15)
13: until 𝚯 converges

5. Experiments

This section presents the benchmark datasets, baseline algorithms
and experimental setup, model configuration, experimental results,
ablation studies, and discussions of the main experimental results.

5.1. Benchmark datasets

The data employed in credit risk classification applications is typi-
cally structured (i.e., tabular) [12], which motivated us to select three
real-world datasets: German Credit Data (GC), Australian Credit Ap-
proval (AC), and Japanese Credit Screening (JC) from the UCI Machine
Learning Repository [32], as well as Credit Card (CC) [33] as the
benchmark datasets for our experiments. All datasets are suitable for
identifying which individuals described by multiple attributes have
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good or bad credit. The rationale for selecting such datasets is that
each is a representative credit risk classification dataset, especially
GC, AC, and JC, which are the most popular ones [11,12]. Moreover,
these datasets are heterogeneous to each other and are suitable for the
problem setting in this study. After data pre-processing, i.e., converting
all categorical features into indicator features, the datasets have 61, 42,
6, and 32-dimensional features to feed into the model, respectively. We
o not continue with any other data pre-processing. Also, we randomly
ample from each dataset but vary the proportion of minority samples
o construct imbalanced datasets with different DCIs. The term DCI
epresents the degree of class imbalance in the datasets, i.e., the ratio
f majority to minority samples within them, as defined in Section 3.

.2. Baselines algorithms

We compare the proposed methods with existing methods to eval-
ate the performance of our algorithm. Specifically, Support Vector
achines (SVM), Neural Networks (NN), and Random Forests (RF) are

on-transfer learning algorithms, and Transfer Neural Trees (TNT) [17]
nd our STANF are semi-supervised heterogeneous domain adaptation
lgorithms. The supervised machine learning paradigm dominates ex-
sting credit risk classification methods [11,12], and thus, the primary
urpose of the comparison experiments is to validate the advantages
f STANF employing a transfer learning paradigm over state-of-the-art
upervised machine learning methods. In prior studies, ensemble clas-
ifiers have significantly outperformed other individual classifiers [11,
2]. Therefore, one of the most popular ensemble learning methods,
F, is chosen as one of the baseline algorithms in the experiments.
wo other representative supervised learning methods, NN and SVM,
re also among the baseline algorithms. In addition, although few
tudies have introduced semi-supervised heterogeneous domain adap-
ation methods into credit risk classification, there is still a need to
xamine the superiority of STANF over state-of-the-art semi-supervised
eterogeneous domain adaptation methods. Considering that data in
urrent credit risk classification applications are usually structured
i.e., tabular), TNT [17], which has a version of semi-supervised het-
rogeneous domain adaptation applicable to tabular data, is selected
s one of the baseline algorithms. In contrast, other semi-supervised
eterogeneous domain adaptation methods focusing on unstructured
ata, such as text and images, are not within the scope of this work.

.3. Model configuration and experimental setup

The representation learning layer of all neural network-based mod-
ls has the same backbone. Accordingly, in TNT and our STANF, both
𝑆 and 𝑇 use three-layer neural networks to learn nonlinear patterns.
hey utilize the hyperbolic tangent as the activation function, apply
atch normalization, and produce feature maps of dimension 256. The
lassification learning layer of both models consists of 20 neural trees,
ach with a depth of 7. Additionally, each tree randomly selects 20% of
he feature map. We set the pruning term 𝑝𝑑 in Eq. (6) to a fixed value
f 0.001, and the regularization parameter 𝜆 in Eq. (15) gradually in-
reases from 0 to 1. Also, we set the hyper-parameters of other baseline
lgorithms, including RF, NN, and SVM, to their default optimal values.
or IDA, we set the multiplier 𝑟 and the parameter 𝛼 in Eq. (18) and the
hreshold 𝜏 in Eq. (19) to fixed values of 2, 0.1, and 0.5, respectively.
he above model configurations and corresponding hyperparameter
ettings were kept constant throughout the experiments.

We repeat each experiment 10 times to ensure fair comparisons
sing random sampling.
8

.4. Experimental results

We conduct experiments to compare the performance of our STANF
ith non-transfer learning and semi-supervised heterogeneous domain
daptation baseline methods when learning from few-label and class-
mbalanced datasets. Each experiment consists of 9 tasks, which vary
epending on the source and target data. For example, the SHDA clas-
ification problems with datasets German Credit Data and Australian
redit Approval as source and target data and datasets Japanese Credit
creening and Credit Card as source and target data are different tasks.
e use F1 score and Area Under the Receiver Operating Characteristic

urve (AUROC) rather than accuracy as classification metrics to eval-
ate the model performance in all experimental results. In the case of
raining models on class-imbalanced datasets, F1 score and AUROC can
uantify predictive performance for majority and minority classes more
omprehensively than accuracy because they are harmonic averages of
recision and recall.

Tables 1 and 2 presents the main experimental results, revealing the
ollowing insights:

• The transfer learning algorithms are significantly superior to the
non-transfer learning algorithms regarding overall F1 score and
AUROC. This suggests that the learning performance in the target
domain can be further improved by leveraging the knowledge
gained from the relevant source domain, making transfer learning
methods more competitive.

• STANF outperforms the baseline methods in overall F1 score and
AUROC. Moreover, STANF can achieve up to a 6.14% advantage
in F1 score and up to a 7.15% advantage in AUROC compared to
transfer learning baseline methods. This demonstrates the effec-
tiveness of STANF in improving the learning performance in the
target domain by transferring unbiased knowledge learned from
the source data, as well as its significant superiority in regulating
the level of attention paid to minority and majority classes in
response to imbalanced learning.

• Even in cases where the degree of class imbalance gradually
increases, such as the DCI shown in the table increasing from 70 ∶
30 to 90 ∶ 10, STANF remains steadily superior in handling class-
imbalanced data, while the performance of baseline methods de-
clined significantly. This indicates that our approach can steadily
transfer unbiased knowledge from imbalanced source data and
adapt to imbalanced target data. Notably, STANF achieves this
advantage without requiring further fine-tuning of the parame-
ters.

• STANF can train high-performance target models in a simple
and direct semi-supervised manner. It thus provides the possibil-
ity for further development of learning potential by continuing
with other semi-supervised learning methods, such as phased or
progressive ones.

5.5. Ablation studies

Ablation studies examine the core design of a system by removing
a component to investigate its effect on system function. We conduct
ablation experiments to verify whether the proposed cost-sensitive loss
and imbalanced data augmentation methods in the proposed semi-
supervised heterogeneous domain adaptation approach contribute to
imbalanced transfer learning. Taking the experimental results on the
CC → AC task as an example, as shown in Table 3, the findings are
summarized as follows:

• Compared with the STANF, which does not use any imbalanced
learning techniques, the STANF, which uses the cost-sensitive
loss technique only in source learning, can help to learn un-
biased source knowledge, thereby improving target learning by
transferring the learned knowledge.
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Table 1
The experimental results for comparing STANF and baselines. ↑ indicates greater values are preferred. The bold represents the best performance.

Task DCI
Non-Transfer Learning Algorithm Transfer Learning Algorithm

SVM NN RF TNT STANF (Ours)

F1 ↑ AUROC ↑ F1 ↑ AUROC ↑ F1 ↑ AUROC ↑ F1 ↑ AUROC ↑ F1 ↑ AUROC ↑

GC → AC

70:30

0.2899 0.5796 0.4299 0.6175 0.6634 0.7622 0.7350 0.7952 0.7882 0.8562
AC → GC 0.0884 0.5153 0.0000 0.5000 0.3014 0.5663 0.6155 0.6198 0.6494 0.6384
GC → JC 0.1745 0.5473 0.3950 0.5989 0.6435 0.7468 0.7482 0.8165 0.7756 0.8409
JC → GC 0.0884 0.5153 0.0000 0.5000 0.3014 0.5663 0.6186 0.6244 0.6537 0.6451
CC → AC 0.2899 0.5796 0.4299 0.6175 0.6634 0.7622 0.7402 0.8270 0.7946 0.8694
AC → JC 0.1745 0.5473 0.3950 0.5989 0.6435 0.7468 0.7611 0.8269 0.7903 0.8385
JC → AC 0.2899 0.5796 0.4299 0.6175 0.6634 0.7622 0.7574 0.8318 0.8133 0.8772
CC → JC 0.1745 0.5473 0.3950 0.5989 0.6435 0.7468 0.7615 0.8242 0.8087 0.8842
CC → GC 0.0884 0.5153 0.0000 0.5000 0.3014 0.5663 0.6040 0.6162 0.6207 0.6357

Avg 0.1842 0.5474 0.2750 0.5721 0.5361 0.6918 0.7046 0.7536 0.7438 0.7873

GC → AC

75:25

0.1164 0.5299 0.3556 0.5944 0.5845 0.7214 0.7750 0.7891 0.7952 0.8097
AC → GC 0.0226 0.5050 0.0000 0.5000 0.1336 0.5225 0.6617 0.6087 0.6797 0.6217
GC → JC 0.2673 0.5719 0.3435 0.5908 0.5076 0.6794 0.7665 0.8102 0.7998 0.8001
JC → GC 0.0226 0.5050 0.0000 0.5000 0.1336 0.5225 0.6625 0.6047 0.6756 0.6177
CC → AC 0.1164 0.5299 0.3556 0.5944 0.5845 0.7214 0.7604 0.8324 0.7831 0.8396
AC → JC 0.2673 0.5719 0.3435 0.5908 0.5076 0.6794 0.7858 0.8250 0.7841 0.8356
JC → AC 0.1164 0.5299 0.3556 0.5944 0.5845 0.7214 0.7692 0.8004 0.8069 0.8719
CC → JC 0.2673 0.5719 0.3435 0.5908 0.5076 0.6794 0.7408 0.8255 0.8021 0.8681
CC → GC 0.0226 0.5050 0.0000 0.5000 0.1336 0.5225 0.5918 0.6130 0.6800 0.6767

Avg 0.1354 0.5356 0.2330 0.5617 0.4086 0.6411 0.7237 0.7454 0.7563 0.7712
Table 2
The experimental results for comparing STANF and baselines. ↑ indicates greater values are preferred. The bold represents the best performance.

Task DCI
Non-Transfer Learning Algorithm Transfer Learning Algorithm

SVM NN RF TNT STANF (Ours)

F1 ↑ AUROC ↑ F1 ↑ AUROC ↑ F1 ↑ AUROC ↑ F1 ↑ AUROC ↑ F1 ↑ AUROC ↑

Avg 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

GC → AC

80:20

0.0740 0.5182 0.2611 0.5585 0.4432 0.6598 0.7754 0.7924 0.8163 0.7841
AC → GC 0.0247 0.5050 0.0000 0.5000 0.1080 0.5190 0.7043 0.5684 0.7109 0.6239
GC → JC 0.1313 0.5344 0.3470 0.5991 0.5229 0.6959 0.7737 0.7842 0.8038 0.7081
JC → GC 0.0247 0.5050 0.0000 0.5000 0.1080 0.5190 0.6924 0.5668 0.7043 0.6186
CC → AC 0.0740 0.5182 0.2611 0.5585 0.4432 0.6598 0.7525 0.8122 0.7958 0.8464
AC → JC 0.1313 0.5344 0.3470 0.5991 0.5229 0.6959 0.8092 0.8098 0.8281 0.8576
JC → AC 0.0740 0.5182 0.2611 0.5585 0.4432 0.6598 0.8150 0.8341 0.8029 0.8610
CC → JC 0.1313 0.5344 0.3470 0.5991 0.5229 0.6959 0.7658 0.7901 0.8031 0.8314
CC → GC 0.0247 0.5050 0.0000 0.5000 0.1080 0.5190 0.6587 0.5837 0.7062 0.6179

Avg 0.767 0.5192 0.2027 0.5525 0.3580 0.6249 0.7497 0.7268 0.7746 0.7499

GC → AC

90:10

0.0242 0.5054 0.1255 0.5389 0.1579 0.5455 0.8392 0.7485 0.8818 0.7486
AC → GC 0.0000 0.5000 0.0000 0.5000 0.0125 0.5026 0.8141 0.5507 0.8537 0.5669
GC → JC 0.0622 0.5152 0.1722 0.5606 0.1801 0.5559 0.8304 0.7187 0.8757 0.7676
JC → GC 0.0000 0.5000 0.0000 0.5000 0.0125 0.5026 0.8114 0.5630 0.8728 0.5286
CC → AC 0.0242 0.5054 0.1255 0.5389 0.1579 0.5455 0.8273 0.7496 0.8547 0.7560
AC → JC 0.0622 0.5152 0.1722 0.5606 0.1801 0.5559 0.8623 0.7650 0.8901 0.7040
JC → AC 0.0242 0.5054 0.1255 0.5389 0.1579 0.5455 0.8428 0.7282 0.8937 0.7699
CC → JC 0.0622 0.5152 0.1722 0.5606 0.1801 0.5559 0.8425 0.7378 0.8511 0.7851
CC → GC 0.0000 0.5000 0.0000 0.5000 0.0125 0.5026 0.7993 0.5813 0.8276 0.5259

Avg 0.288 0.5069 0.1411 0.5332 0.1168 0.5347 0.8299 0.6825 0.8668 0.6836
• The STANF that uses the rebalancing sampling only in target
learning and the one that uses the cost-sensitive loss technique
only in source learning can improve imbalanced transfer learning,
and the latter can achieve better overall performance than the
former in most cases.

• The STANF, using the cost-sensitive loss and rebalancing sampling
techniques, achieves the best overall classification performance in
the ablation experiment. This confirms that combining the cost-
sensitive loss and rebalancing sampling techniques is superior to
using one or the other alone.

We also conduct ablation studies focusing on the proposed imbal-
nced data augmentation method. Table 4 lists the F1 scores in the
orresponding experimental results, from which the following findings
an be obtained:
9

Table 3
The experimental results of the ablation study for the cost-sensitive loss and rebalancing
sampling techniques (𝐷𝐶𝐼 = 70 ∶ 30 for all datasets). Naive stands for the STANF
without any imbalanced learning techniques, w/ CS represents the STANF with only
the cost-sensitive loss, w/ RS represents the STANF with only the rebalancing sampling
and w/ CS+RS refers to the STANF with both techniques. ↑ indicates greater values
are preferred. The bold represents the best performance.

Task Metric Naive w/ CS w/ RS w/ CS+RS

CC → GC F1 ↑ 0.5993 0.6256 0.6469 0.6514

• Compared with the STANF without the proposed IDA, the STANF
using IDA can achieve better classification performance. This
suggests that IDA can collaborate with the cost-sensitive loss and
rebalancing sampling techniques to help further improve model
performance.
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Table 4
The F1 scores in the experimental results of the ablation study for the imbalanced data
augmentation method. w/o IDA represents STANFs that do not use the imbalanced data
augmentation method, and w/ IDA represents STANFs that do. ↑ indicates greater values
are preferred. The bold represents the best performance.

Task DCI=70:30 DCI=80:20 DCI=90:10

w/o IDA w/ IDA w/o IDA w/ IDA w/o IDA w/ IDA

GC → AC 0.8112 0.7882 0.8283 0.8163 0.8699 0.8818
AC → GC 0.6369 0.6494 0.6882 0.7109 0.8751 0.8537
GC → JC 0.7828 0.7756 0.8225 0.8038 0.8590 0.8757
JC → GC 0.6314 0.6537 0.6809 0.7043 0.8675 0.8728
CC → AC 0.7946 0.7946 0.7853 0.7958 0.8299 0.8547
AC → JC 0.7872 0.7903 0.8125 0.8281 0.8704 0.8901
JC → AC 0.8058 0.8133 0.7864 0.8029 0.8706 0.8937
CC → JC 0.7723 0.8087 0.7897 0.8031 0.8208 0.8511
CC → GC 0.6460 0.6207 0.6877 0.7062 0.8110 0.8276

Avg 0.7409 0.7438 0.7646 0.7746 0.8527 0.8668

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• When the class imbalance of a dataset is not severe, as shown
by DCI=70 ∶ 30 in the table, the model performance improve-
ment due to IDA is not as significant. This result is intuitive
because, in cases where minority samples are less scarce, IDA may
use convex combinations that are too biased towards minority
classes, introducing unnecessary noise. Using such data perturba-
tions to regularize training is more likely to compromise model
performance.

.6. Discussion

.6.1. Semi-supervised heterogeneous domain adaptation capability
The experiment has a total of 36 tasks, and the experimental results

hown in Tables 1 and 2 demonstrate the effectiveness of STANF
n associating and recognizing cross-domain data. We first validate
he effectiveness of STANF in transferring knowledge from different
ource domains to the same target domain. The results show that
TANF can reach knowledge transfer at the architectural level by
eusing the classification learning layer of the model learned from the
ource domain. The adaptive neural forest structure in the classification
earning layer based on the random routing mechanism can capture
nd maintain the structural consistency between labeled data across
omains. Furthermore, random pruning further allows the classification
earning layer to identify and strengthen neurons that represent related
ross-domain data, leading to more refined knowledge transfer. In
ther words, the classification learning layer ignores leaf nodes with
nsufficient adaptation ability, thereby successfully associating cross-
omain heterogeneous data and improving recognition performance.
n addition, the embedding loss enables STANF to learn new repre-
entation learning layers for the model from the source domain in a
emi-supervised manner, further alleviating the reliance on labeling
nformation.
Why can Eq. (13) be used as a consistency regularization in

emi-supervised learning? According to Eq. (13), for the same sam-
le, the more inconsistent the prediction given by each individual tree
s with that given by the whole forest, the greater the embedding
oss. Minimizing Eq. (13) is equivalent to maximizing the structural
onsistency between the output P𝐓[𝑦̃|𝐱,Θ,𝝅] of each individual tree

and the output P𝐅[𝑦̃|𝐱,Θ,𝝅] of the entire forest. In other words, adding
Eq. (13) to the loss function is applying a consistency constraint to
force unlabeled data 𝐷𝑈 to traverse similar paths along the tree as
abeled data 𝐷𝐿. Note that such a constraint relies on a Random

Forests-like bagged ensemble model and multiple Decision Tree-like
inference hierarchies to take full advantage of the model’s convergence
of individual- and population-level predictions for the same sample.
Therefore, we refer to Eq. (13) as the predictive and structural self-
10

consistency regularization (PSSCR) term of the loss function, which can t
be used as a consistency regularization technique for semi-supervised
bagged ensemble models. Intuitively, the constraint effect produced by
PSSCR is filtering out useless or harmful information extracted from
unlabeled data.

5.6.2. Robustness
The experimental results show that the advantage of STANF is stable

in the case of transferring knowledge from different source domains to
the same target domain. For example, the STANF model performs best
regardless of the semi-supervised heterogeneous domain adaptation
from GC to AC, JC to AC, or CC to AC, as shown in Tables 1 and
2. In addition, STANF can reliably learn from datasets with different
degrees of category imbalance (both in the target and source domains).
As shown in Tables 1 and 2, the 36 tasks in the experiments can be
categorized into three groups using the degree of class imbalance as
the grouping criterion. Regardless of the degree of class imbalance, the
TANF model consistently maintains the performance advantage.

All IDA parameters are set manually and empirically tuned on
the datasets during training. Such a search process can be called the
empirical optimal method, which usually yields relatively optimal pa-
rameters. Then, the computational complexity of the empirical optimal
method can be simply expressed as 𝑆𝑂𝑃 = 𝑁𝐼𝑇𝐸𝑅 𝑆𝑇𝐴𝑁𝐹 , where
𝑆𝑂𝑃 denotes the computational complexity of searching the optimal
arameters of IDA, 𝑁𝐼𝑇𝐸𝑅 refers to the number of search iterations, and
𝑆𝑇𝐴𝑁𝐹 denotes the computational complexity of STANF. Thanks to

he robustness of STANF, the value of 𝑁𝐼𝑇𝐸𝑅 is generally manageable,
nd in this work, 𝑁𝐼𝑇𝐸𝑅 < 10 is guaranteed. According to the empirical
esults, the fewer samples used to train the model, the higher the risk
hat IDA introduces harmful noise. Therefore, in a few-sample CRC
roblem, it is recommended to adopt such an optimal parameter search
trategy for IDA: the optimal value of parameter 𝑟 is searched from
mall to large; on the contrary, the optimal values of parameters 𝛼 and
are searched from large to small. This strategy can somewhat avoid

ntroducing the hazardous noise that misleads the model to learn a false
ample space.

Note that the competitive experimental results, as shown in Tables 1
nd 2, are achieved despite using only empirically optimal values of
he IDA parameters obtained after a few search iterations. The results
emonstrate, to some extent, the robustness of STANF. In other words,
ith more tuning effort, STANF could potentially achieve a more

ignificant advantage over the baseline algorithms.

.6.3. Potential challenges in practical applications
Potential challenges in applying the proposed approach in real-

orld credit risk classification scenarios are of concern. Some of the

ypical aspects are listed below.
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Considering that the benchmark datasets in this work may not be
representative of all credit risk classification datasets, the generaliz-
ability of the proposed method to industry-specific datasets, especially
large-scale datasets, needs to be re-examined thoroughly. In particular,
financial data is usually multi-sourced and thus prone to carry defects,
such as missing values and dirty data. Accordingly, selecting appro-
priate data pre-processing before training the STANF model must be
analyzed case-by-case to ensure the model works correctly. In addi-
tion, although existing credit risk classification applications mainly use
structured data [12], attempts to further improve the performance of
credit risk prediction through unstructured data like text and images
have been unceasing. Therefore, the scalability of the proposed method
to unstructured datasets is also a challenge.

Continuous data growth is ubiquitous in credit risk classification
applications, and it is the main trigger for data drift and concept drift
that degrade model performance. These issues lead to an increase in the
frequency of model updates, which raises the demand for the method
in terms of computational resources and training time. Therefore, it is
challenging for financial institutions with limited infrastructure to im-
plement the proposed method in credit risk classification applications.
In addition, data security and privacy protection, which are crucial
in credit risk classification applications, may hinder data access, thus
affecting the proposed method’s applicability.

6. Conclusion and future work

This paper proposes a semi-supervised heterogeneous domain adap-
tation method called STANF for few-sample credit risk classification un-
der few-label and class-imbalanced regimes. The paper also suggests an
imbalanced data augmentation method called IDA to enhance STANF
further. A brief review of the literature on the techniques involved
in credit risk classification and their limitations is also presented.
The primary innovation of STANF is that it adopts semi-supervised
heterogeneous domain adaptation to solve few-sample credit risk clas-
sification problems. It also improves learning from class-imbalanced
domains through cost-sensitive loss and IDA. Four real-world credit
risk classification datasets are used to validate the effectiveness of the
proposed method. Different performance metrics, such as F1-score and
AUROC, are used to evaluate the performance of the proposed method.
Experiments, including 36 tasks, are conducted to compare STANF with
the baseline algorithms. The experimental results show that STANF
outperforms existing credit risk classification methods regarding F1-
score and AUROC. The significance of this work is that STANF can
effectively mitigate the dependence on labeling information and the
harm caused by class imbalance.

In the future, we will investigate combining STANF with other semi-
supervised learning methods to exploit the potential of unlabeled data
further. We will also investigate the superiority of STANF over other
semi-supervised heterogeneous domain adaptation methods applicable
to unstructured data such as text and images. In addition, considering
the different learning conditions of various datasets, giving a universal
convex combination suitable for all datasets for the proposed IDA is
difficult. While IDA can improve model performance without much
effort in tuning parameters, it usually requires a search process to get
its optimal parameters. Therefore, we will also explore transforming
the parameters of IDA into trainable ones to learn the optimal con-
vex combinations for the training samples. Compared to the manual
search method for optimal IDA parameters used in this study, the new
optimization approach may reduce the computational complexity and
increase the robustness of the proposed method. On the other hand,
the new optimization approach may pose the challenge of putting more
effort into giving interpretability for data augmentation.
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