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Abstract: With the wide application of
artificial intelligence in China's financial
industry, the AI black-box problem poses
multiple risks to regulation, risk control and
consumer protection. Research shows that the
application of XAI can effectively improve the
transparency and interpretability of financial
AI and solve the black-box problem. Taking
this as the starting point, based on sorting out
relevant theories and regulatory practices at
home and abroad, this paper puts forward
the XAI promotion path from platform
construction, institutional guarantee and
talent training, and analyzes its application
prospects via SWOT method. Results show
that XAI has high application value but faces
limitations in technology, governance, and
talents. China’s AI governance framework
needs improvement in standards and
supervision. Developing user-friendly
modeling platforms, perfecting regulation,
and cultivating interdisciplinary talents will
support the sustainable development of XAI
in finance.It provides a reference for financial
institutions and regulators to jointly promote
the implementation of XAI and ensure the
safe and compliant development of intelligent
finance.
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1. Introduction
Artificial intelligence (AI) has been widely
applied in China's financial industry. As a
typical data-intensive sector, finance, with its
vast amount of high-quality data assets and
diverse business scenarios, has become one of
the areas where AI technology is most maturely
applied and deeply integrated. With the
transition of "AI + Finance" from concept to
large-scale implementation, the penetration rate
of large models in the financial sector exceeded
50% in 2024, with 63 publicly disclosed large
model winning projects throughout the year and
a total contract value exceeding 3.6 billion yuan

[1].The application of AI is no longer limited to
auxiliary roles in traditional financial service
scenarios such as automated trading through
rule-driven and expert systems. Rather, through
methods such as machine learning [2] and the
integration of big data and blockchain, AI has
comprehensively covered the front, middle, and
back offices of the financial industry, including
core scenarios such as robo-advisory, intelligent
risk control, and market analysis [1,2,3,4]. For
example, in personal consumer credit approval,
AI systems conduct credit assessments for online
shopping installment loans, travel loans, and
household appliance loans. AI is also widely
used in transaction fraud detection, monitoring
real-time fund transfers, card swipes, and online
payments to spot abnormal transactions such as
stolen card transactions and fake payments.As
technology becomes increasingly complex,
while AI empowers the financial industry, it also
brings corresponding risks and challenges.
Among them, the lack of transparency and
explainability in the AI decision-making process,
known as the "black box problem," has become
increasingly prominent in China's financial
scenarios. To address this, explainable artificial
intelligence (XAI) has developed rapidly. Its
central goal is to make the behavior of these
systems understandable to humans by
elucidating the underlying mechanisms of their
decision-making processes [5].
This paper takes the AI black box problem as its
starting point, focuses on XAI as a solution, and
seeks to answer the following questions: (1)
What is the concept, causes, and solution path of
the AI black box problem? (2) How can XAI be
effectively applied in Chinese financial practice?
The academic community abroad has achieved
remarkable results. DARPA officially proposed
the XAI research agenda in 2016 [6]. Nowadays,
the XAI technology classification system has
become increasingly mature [7], and methods
have diversified [8], including model-specific
technologies such as decision trees [9], as well
as post-hoc explanation methods like SHAP,
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LIME, Anchors [8], and XGNN [6]. Among
these, representative methods such as SHAP [10],
LIME, and counterfactual explanations have
been widely applied in financial scenarios
including credit approval, risk management, and
fraud detection [11]. At the regulatory level, the
EU's "Artificial Intelligence Act" focuses on
rights protection and imposes mandatory
transparency requirements for high-risk AI
systems [12]; the United States adopts a
market-driven regulatory approach, encouraging
innovation while strengthening security testing
and transparency constraints for high-risk AI
[13]. China has implemented regulations such as
the "Regulations on the Management of Deep
Synthesis of Internet Information Services" [14]
to achieve scene regulation and progressive
system construction, thereby establishing a
preliminary regulatory framework for algorithms
and artificial intelligence [15]. However, China's
current algorithm filing system faces issues such
as insufficient effectiveness, incomplete rules,
and lack of supporting measures [16], and lacks
targeted and operational guidance. Overall,
China still lags behind the international level in
both the practice and theoretical research of
XAI.
To address the aforementioned issues, this paper
Starts from the AI black-box problem in the
financial sector, analyzing the causes of
black-box models and the technical system of
Explainable Artificial Intelligence (XAI).
Integrated with domestic and international
regulation and practice, it explores the
application path of XAI in China’s financial
industry and evaluates its application prospects
through SWOT analysis. This research enriches
the study of XAI in financial scenarios, provides
references for financial institutions to address
algorithmic opaqueness, comply with regulatory
requirements and protect consumer rights, and
promotes the safer, more trustworthy and
compliant development of financial AI.
The following literature review chapter defines
the AI black box and XAI, analyzes the causes
and challenges of the black box problem in
finance, and sorts out the technical methods,
application status and regulatory policies of XAI
worldwide. The methodology chapter constructs
the implementation path of XAI in China’s
financial industry from three aspects: platform
development, institutional guarantee and talent
cultivation. The discussion chapter carries out a
SWOT analysis to comprehensively evaluate the

XAI application in China’s financial sector. The
conclusion chapter summarizes the main
conclusions of this paper and prospects the
future development of explainable AI in the
financial field.

2. Literature Review

2.1 Black Box
As shown in Figure 1, AI models can be
categorized into white-box, grey-box, and
black-box models based on transparency.
White-box models are fully transparent;
grey‑box models balance complexity and clarity
[6]; black‑box models are highly opaque with
uninterpretable internal mechanisms. This lack
of interpretability gives rise to the “black box
problem” in AI, where complex algorithms
(especially deep learning) process inputs through
hidden mechanisms to produce outputs [17].
Many state‑of‑the‑art models, including large
language models like ChatGPT and Llama,
exhibit black‑box characteristics [18]. While
they achieve high accuracy, their opacity raises
risks in critical applications where decision
rationale must be clear [6].
The black box problem stems from two main
causes. First, developers may deliberately hide
internal workings to protect intellectual property,
even in rule‑based systems. Second, and more
critically, deep learning models are inherently
black boxes due to their extreme
complexity-multi‑layered neural networks with
hundreds or thousands of layers and numerous
neurons are so intricate that even creators cannot
fully trace the internal processes that produce
outputs [18].
This black‑box nature poses severe challenges to
the financial industry. At the operational level, it
obscures data processing and transaction
decisions, hindering internal risk controls and
regulatory penetrating supervision. This makes
risk tracing, management, and accountability
difficult, leading to compliance and regulatory
challenges [19,20]. At the level of derivative
risks, the black box further spawns algorithm
convergence, bias, and hegemony [20]. When
multiple institutions adopt similarly flawed
models, imperceptible common problems may
cause systemic risks to accumulate across
institutions [19]. At the consumer level, scholars
note that the black box problem may “seriously
infringe upon the interests and confidence of
financial consumers” [21].
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Given the seriousness of the financial sector,
regulatory authorities have explicitly required
that AI‑driven financial decisions be
interpretable, accountable, and fair. Thus,
revealing the causes of the black box problem

and exploring countermeasures are essential for
preventing digital financial risks. In this context,
Explainable Artificial Intelligence (XAI) has
emerged as a key concept to address these
challenges [20].

Figure 1. Illustration of White, Gray, and Black Box Models, Highlighting Their Transparency
Levels in AI Systems[6]

2.2 XAI
Explainable Artificial Intelligence (XAI) refers
to the ability of AI systems to provide clear and
understandable explanations for their decisions,
and effectively manage machine learning
outcomes by characterizing model accuracy,
fairness, transparency, and potential biases,
thereby helping to build organizational trust in

AI deployment [5,22]. As shown in Figure 2,
XAI has distinct application scenarios and
practical value in model decision-making. Its
core goal is to make the decision-making process
of AI models understandable to humans along
the dual dimensions of explainability and
interpretability, where interpretability is
specifically reflected in the two principles of
transparency and completeness.

Figure 2. Conceptual Taxonomy of XAI[7]
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Based on this objective, XAI divides existing
models into two categories: the first is
transparent design models, such as decision trees,
and logistic regression, . These models have a
clear structure and can directly demonstrate their
decision logic through the three dimensions of
simulatability, decomposability, and algorithmic
interpretability. Internationally, such models
have long become benchmark methods in the
financial field. For example, European and
American banks widely use logistic regression
and decision tree rule-based models in credit
approval, credit scoring, and default prediction.
Their interpretation process is intuitive and easy
to audit, meeting the compliance requirements of
global financial regulation for a long time
[23-24]. The second category consists of
complex opaque models such as random forests
and support vector machines. These models
perform prominently in financial tasks including
credit risk assessment, stock price prediction,
anti-fraud, and anti-money laundering, but their
internal mechanisms are difficult to interpret
directly. Therefore, post-hoc explainability
techniques are needed to decompose their
decision logic. Internationally, Soori et al.
applied XAI to financial tasks such as stock
price prediction, and credit assessment.
Ballegeer et al. verified the stability of SHAP
and LIME in credit scoring [17]. In China,
Duxiaoman has developed and deployed a
financial risk control XAI system that enables
interpretable credit decisions at both global and
individual transaction levels, while generating
natural language explanations [25], and
Everbright Securities combined large models
with knowledge graphs to detect suspicious
transactions [26]. All of these applications adopt
model-agnostic methods such as feature
correlation analysis and visual interpretation, as
well as model-specific methods such as
knowledge distillation, which together form a
complete technical system of XAI in the
financial field that meets regulatory
requirements.
With the spread of XAI, regulatory policies have
emerged. The EU AI Act (2024) classifies AI by
risk: unacceptable risks banned; high‑risk (e.g.,
credit approval) strictly supervised; limited‑risk
requires transparency; minimal‑risk unrestricted
[27]. The U.S. Biden executive order (2023) was
revoked in 2025, replaced by a new order
reducing restrictions and granting more
autonomy. The SEC and CFPB have appointed

chief AI officers [28]. China’s Interim Measures
for Generative AI (2023) adopt inclusive, graded
supervision, requiring algorithm transparency,
filing, and security assessment. In finance, the
PBOC leads governance; the Financial
Technology Development Plan (2022–2025)
promotes intelligent technologies; the Ethical
Guidelines for AI Applications in the Financial
Field (2022) clarify ethical principles [21].

3. Methodology
Based on a review of explainable AI (XAI)
applications in China’s financial industry, the
implementation of XAI can be systematically
discussed from three dimensions: platform
construction, institutional guarantee, and talent
development.

3.1 Platform Construction
To lower technical barriers, a user-friendly
unified modeling platform is essential. A visual
decision-path tracing mechanism (e.g.,
flowcharts showing key nodes and activation
intensity) helps business staff understand
complex models like deep learning. In financial
risk control, this makes the “reasoning chain”
behind transaction blockages visible.
Additionally, simple rapid-modeling
components-such as drag-and-drop, pre-built
modules, and visual configuration-allow
non-technical analysts to perform data access,
model training, and process orchestration
without coding. This boosts efficiency, unites
tech and business teams, and enables widespread
modeling capabilities.

3.2 Institutional Guarantee
An industry-wide certification system and
stronger regulatory technology are needed. For
example, CAICT has launched the “Trustworthy
AI”interpretability grading certification,
providing quantifiable evaluation criteria [29].
Following this, efforts should fill gaps in
interpretability standards, turning XAI from a
“differentiated advantage” into an “access
threshold.” Regulation is equally critical. As
former CBRC chairman Shang Fulin noted,
regulators must enhance penetrating analysis of
AI algorithm risks, improve relevant rules, and
ensure algorithm interpretability, transparency,
fairness, and security[30]. This means regulators
themselves need the technical capability to
effectively examine financial institutions’ AI
models.
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3.3 Talent Development
Strengthening interdisciplinary talent training is
vital. The adoption of XAI in finance requires
professionals skilled in financial business, risk
management, AI technology, and algorithm
interpretation. Financial institutions should
provide targeted practical training for
technicians, risk controllers, business managers,
and auditors. Moreover, collaboration among
financial institutions, universities, and research
institutes should be enhanced to develop training
models tailored to real-world financial
applications, ensuring sufficient professional
talent for the sustainable implementation of
explainable AI.

4. Discussion
This section provides a SWOT analysis of the
large‑scale application of explainable artificial
intelligence (XAI) in China’s financial industry.

4.1 Strengths
Domestic AI technologies and visualization tools
have developed rapidly, and XAI has become a
major research hotspot and key development
direction in artificial intelligence. Driven by
industry-wide progress, model explanation,
decision traceability, and visualization tools are
continuously optimized to clearly demonstrate
the judgment basis and reasoning process of AI
models. Meanwhile, financial institutions have
undergone in-depth digital transformation and
possess relatively mature data platforms, AI
modeling capabilities, and engineering
implementation conditions. Together, these
factors provide solid and stable support for the
application and large-scale promotion of XAI in
the financial industry.

4.2 Weakness
Current technical capabilities are limited, and the
interpretation effect and stability of complex AI
models remain insufficient. Meanwhile, there is
a severe shortage of interdisciplinary talents who
master both financial business and AI model
explanation, which restricts the large-scale
application of XAI in the financial industry.And
the development of XAI-related technologies,
model modification and system deployment
require relatively high investment, and the cost
of later maintenance and continuous
optimization is also high, which further increases
the difficulty of its large-scale implementation in

financial institutions.

4.3 Opportunity
Governments and financial regulators have
vigorously promoted algorithmic transparency
and explainable AI. For instance, in early 2026,
the National Administration of Financial
Regulation issued the Guiding Opinions on
Regulating the Application of Artificial
Intelligence Models in Financial Institutions,
which states that “automated decision-making
analysis, model algorithm development, data
annotation and other activities shall ensure the
transparency of data processing and the fairness
and rationality of results”, requiring models to
be explainable, verifiable, traceable and
auditable. This has provided clear policy
guidance and compliance impetus for the
development and implementation of XAI.
Meanwhile, mature global experience and
research achievements in XAI can be drawn
upon to reduce trial costs in domestic
exploration and application. For example, the
EU’s AI Act has established clear mandatory
requirements for the explainability of high-risk
financial AI systems, and its mature regulatory
and technical practices offer valuable references
for local applications[27].

4.4 Threat
AI models applied in the financial sector are
becoming increasingly complex, which demands
more sophisticated and specialized explainability
methods. However, existing technologies can
hardly fully restore their decision-making logic,
leading to a significant rise in the difficulty and
cost of interpretation. Meanwhile, there is an
inherent contradiction between model
transparency and data privacy protection. XAI
requires transparency in the model
decision-making process, but financial data
involves a great deal of customer privacy and
trade secrets. Improving explainability often
means exposing more model logic and data
details, thereby increasing the risks of algorithm
reverse engineering, fraudulent attacks and
privacy breaches.

5. Conclusion
The AI black box problem refers to the lack of
transparency and interpretability in complex AI
decision-making. Its main causes are the
structural complexity of deep learning models
and their opaque internal logic. This problem

60 Journal of Economics and Law (ISSN: 3005-5768) Vol. 3 No. 4, 2026

http://www.stemmpress.com Copyright @ STEMM Institute Press



can be addressed through the development of
Explainable AI (XAI), which enhances model
explainability and improves algorithmic
transparency. Currently, XAI has been gradually
implemented in China's financial sector across
scenarios such as credit risk control, fraud
detection, and robo-advisory. By improving the
transparency of model decision-making, it helps
financial institutions meet regulatory
requirements and enhance user trust.While XAI
holds significant application value in the
financial field, it still faces limitations in terms
of technical stability, computational efficiency,
and institutional governance. Regarding the
application of XAI, although China has initially
established an AI governance framework, it still
needs further improvement in terms of
interpretation standards and regulatory
coordination. In the future, XAI can be
effectively applied in Chinese financial practice
by building user-friendly modeling platforms
that lower technical barriers and empower
non-technical staff to model efficiently. At the
same time, establishing standardized regulatory
and certification systems, along with
strengthening interdisciplinary talent
development, will support the sustainable
adoption of XAI. Through these efforts,
interpretable models can be deployed for
effective application in China’s financial
practice.
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