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Abstract

The purpose of this article is to conduct a systematic literature review on the role of deep
learning in credit risk prediction for fintech lending, with particular emphasis on model
architectures, imbalanced data handling techniques, and the mathematical foundations
underpinning these methods. Open-access scientific publications retrieved from three
complementary databases (Scopus, IEEE Xplore Digital Library, and Web of Science Core
Collection) were used to conduct the systematic literature review. Following the PRISMA
2020 protocol, 30 publications were selected after a rigorous multi-stage screening process
involving deduplication across databases, temporal filtering (2015-2026), and thematic eli-
gibility assessment. Data for analysis were processed using Python-based bibliometric tools
and network analysis (replicating R Bibliometrix and VOSviewer functionalities). The re-
sults of the analysis indicate a sustained growth in research on deep learning applications
for fintech credit risk, with a compound annual growth rate (CAGR) of approximately 29.2%
and an average of 27.17 citations per document. The segmentation of the studied conceptual
landscape made it possible to identify four interconnected thematic clusters: (1) peer-to-
peer lending and default prediction architectures; (2) explainability and XAl-based methods
for credit scoring; (3) imbalanced data and hybrid deep-learning frameworks; and (4) credit
risk assessment combining deep learning and statistical approaches. The following re-

search areas on the deep learning-based transformation of fintech credit risk prediction have
W) Check for updates ‘ been identified: (1) feedforward deep neural networks and attention-based architectures
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1. Introduction

The rapid digitalization of financial services has given rise to fintech lending—a
paradigm in which credit intermediation is conducted through digital platforms, often
without the direct involvement of traditional banking institutions. Peer-to-peer (P2P) lend-
ing, online marketplace lending, and digital consumer credit have collectively transformed
the global credit landscape, offering faster, more accessible, and data-rich lending experi-
ences (Turiel & Aste, 2020; Xu et al., 2021). However, the same characteristics that make
fintech lending attractive—speed, scale, and reliance on alternative data—also amplify
credit risk in ways that traditional statistical credit scoring models struggle to capture.
Borrower default rates on fintech platforms have historically exceeded those of conven-
tional banks, making accurate credit risk prediction not merely a technical objective but a
prerequisite for the sustainability of the industry itself (Lydcsa et al., 2022; Ma et al., 2021).

Credit risk, defined as the probability that a borrower will fail to meet contractual
obligations, lies at the intersection of financial mathematics, statistics, and computational
intelligence. For decades, the industry relied on parametric statistical models—logistic
regression, linear discriminant analysis, and Altman’s Z-score—to estimate the probability
of default (Trinh, 2024). While interpretable and theoretically grounded, these models im-
pose restrictive distributional assumptions and often fail to capture the complex, nonlinear,
and high-dimensional patterns embedded in contemporary fintech data. The advent of
machine learning (ML)—particularly ensemble methods such as random forests, gradient-
boosted decision trees, and XGBoost—represented a substantial leap in predictive accuracy
(Xu et al., 2021; Ko et al., 2022). However, the most recent wave of innovation has come
from deep learning (DL): a family of representation-learning methods built on multilayered
neural networks capable of automatically extracting hierarchical features from raw data.

Deep learning has fundamentally altered the credit risk modeling landscape. Convo-
lutional neural networks (CNNs), originally developed for image recognition, have been
adapted to extract abstract features from tabular and sequential credit data (Kim & Cho, 2019).
Recurrent architectures such as long short-term memory (LSTM) networks and atten-
tion mechanisms have enabled the modeling of temporal patterns in borrower behavior
(C. Wang et al., 2019). Graph convolutional networks (GCNs) exploit the relational struc-
ture among loan applications, transforming credit risk assessment into a graph-learning
problem (Z. Li et al., 2024). More recent developments—including deep reinforcement
learning (DRL) with prioritized experience replay, hybrid attention-LightGBM frameworks,
and deep ensemble learning—push the methodological frontier further still (Y. Wang et al.,
2024; Ying et al., 2025). Transformer-based architectures—including BERT adaptations—
have recently been applied to credit scoring using P2P loan text descriptions, demonstrating
both strong predictive accuracy and new dimensions of adversarial robustness (Schwab &
Kriebel, 2025). Collectively, these advances signal a decisive shift from statistical prediction
to data-driven representation learning for credit risk.

Yet the adoption of deep learning in fintech credit risk prediction is far from straight-
forward. Fintech lending datasets are characterized by severe class imbalance: defaulters
typically constitute only 5-20% of observations, causing conventional loss functions to
bias models toward the majority class (Owusu et al., 2023; Chen et al., 2021). Concept
drift—the gradual or abrupt change in the statistical properties of the target variable over
time—undermines the stability of offline-trained models in the rapidly evolving fintech
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environment (Zhang et al., 2020). Uncertainty quantification remains underdeveloped,
despite its centrality to portfolio-level risk management. The opacity of deep neural net-
works raises concerns about explainability and regulatory compliance, particularly under
frameworks such as the EU Artificial Intelligence Act (European Parliament and Council,
2024) and Basel III/IV (Ariza-Garzon et al., 2020; Straus et al., 2025). These mathematical
and methodological challenges constitute the defining frontier of current research.

Despite the growing body of literature on deep learning for fintech credit risk, several
systematic gaps remain. First, existing reviews tend to treat credit risk as a monolithic
problem, rarely distinguishing the specific methodological challenges of fintech lending
from those of conventional bank credit. Second, most reviews provide descriptive cata-
logs of models without examining the underlying mathematical handling of imbalanced
data, uncertainty, and loss functions—arguably the most consequential methodological
dimensions. Third, bibliometric syntheses that combine quantitative network analysis
with deep qualitative reading of the mathematical machinery of deep learning models
remain scarce. Fourth, prior single-database reviews may systematically underrepresent
high-impact contributions from IEEE Xplore and Web of Science, as demonstrated by the
absence of Ariza-Garzoén et al. (2020) (138 citations) from Scopus-only searches. This pa-
per addresses these gaps by conducting a systematic, PRISMA-compliant, multi-database
literature review of deep learning applications for credit risk prediction in fintech lending.

The relevance of this study is grounded in both practical and theoretical considera-
tions. On the practical side, fintech lending continues to expand globally—particularly in
emerging markets where it serves populations excluded from traditional banking. Accurate,
robust, and interpretable credit risk models are essential not only for platform profitability
but also for consumer protection and systemic financial stability. On the theoretical side,
the intersection of deep learning and credit risk exemplifies the broader transformation of
financial mathematics in the age of artificial intelligence.

Bibliometric analysis is a modern and innovative tool for identifying research devel-
opment trends and evaluating scientific output in various fields (Ellegaard & Wallin, 2015).
Its ability to combine quantitative metrics with thematic mapping makes it particularly
suitable for domains such as deep learning-based credit risk prediction, where methodolog-
ical diversity coexists with rapid knowledge accumulation (Donthu et al., 2021). To achieve
the goal of this review, it is necessary to address the following research questions:

(1) RQI1. What is the volume, temporal distribution, geographic spread, and scientific
productivity of research on deep learning-based credit risk prediction in fintech lending?

(2) RQ2. Which deep learning architectures have been applied for credit risk prediction
in fintech lending, and how do their predictive performances compare?

(3) RQ3. What variables and data sources—including traditional credit features and
alternative data—have been utilized as predictors in deep learning-based fintech
credit risk models?

(4) RQ4. How have researchers addressed class imbalance, uncertainty quantification,
loss function design, and concept drift in deep learning models for fintech credit risk?

(5) RQ5. What evaluation metrics, validation strategies, and benchmark datasets are
employed in the literature?

(6) RQ6. What are the current research gaps and future directions for enhancing the
accuracy, robustness, and generalizability of deep learning models in fintech credit
risk prediction?

The remainder of the paper is organized as follows. Section 2 outlines the materials
and methods, including the multi-database search strategy, PRISMA protocol, and analyti-
cal tools. Section 3 presents the descriptive and performance analysis of the corpus—drawn
from three bibliographic databases—together with the thematic and network analyses
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identifying four clusters, coupling patterns, and conceptual structure. Section 4 provides
an in-depth synthesis organized around the six research questions, with particular atten-
tion to the mathematical handling of imbalanced data, the newly identified XAI cluster,
and the emerging importance of regulatory compliance. Section 5 concludes with the-
oretical, practical, and policy implications, together with limitations and directions for
future research.

2. Materials and Methods

The research methodology of this study follows the principles of a systematic literature
review (SLR) combined with bibliometric analysis, including terminology mapping, key-
word co-occurrence clustering, bibliographic coupling, and retrospective thematic analysis.
The overarching goal is to combine the rigor and reproducibility of the PRISMA 2020 frame-
work (Page et al., 2021) with the analytical power of bibliometric tools, thereby providing
a transparent and replicable synthesis of the scholarly landscape on deep learning-based
credit risk prediction in fintech lending. The completed PRISMA 2020 checklist is provided
as Supplementary Material (Table S1).

2.1. Database Selection

Scientific publications obtained from three complementary databases were used for
this review: Scopus (Elsevier, Amsterdam, The Netherlands), IEEE Xplore Digital Library
(IEEE, Piscataway, NJ, USA), and Web of Science Core Collection (Clarivate, Seoul, Republic
of Korea). This multi-database approach was adopted in direct response to the recognition
that no single database provides exhaustive coverage of the interdisciplinary literature at
the intersection of deep learning, financial mathematics, and fintech lending—a finding
consistent with prior systematic reviews in adjacent domains (Donthu et al., 2021). Scopus
provides broad multidisciplinary coverage of business, finance, economics, and computer
science, with standardized metadata exports (affiliations, author keywords, full reference
lists) essential for bibliometric network analysis. IEEE Xplore Digital Library contributes
high-impact technical papers from IEEE Transactions journals (IEEE Access, IEEE Transac-
tions on Neural Networks, IEEE Transactions o n Knowledge and Data Engineering) that
are sometimes underrepresented in Scopus. Web of Science Core Collection adds coverage
of finance-oriented and operations research journals (European Journal of Operational
Research, Financial Innovation, Quantitative Finance and Economics) as well as journals
indexed under the Emerging Sources Citation Index (ESCI).

The choice of Scopus as the primary database was further motivated by: (i) the avail-
ability of a wide range of bibliometric metrics, including citation counts, h-index, g-index,
and m-index; (ii) the assignment of publications to distinct subject areas and SciVal top-
ics; (iii) a large repertoire of high-quality peer-reviewed venues; and (iv) the richness of
exported metadata (Aria & Cuccurullo, 2017). Unlike Google Scholar, all three databases en-
force editorial curation, ensuring that retrieved records meet minimum indexing standards
essential for a systematic review.

2.2. Search Strategy

The search strategy was designed to capture studies at the intersection of three research
domains: (i) deep learning methods; (ii) credit risk prediction; and (iii) fintech lending.
To ensure both precision and recall, the search combined controlled Boolean operators
(AND, OR), wildcard truncation (*), and synonym expansion. Searches were executed on
4 June 2026 across all three databases. For Scopus, the TITLE-ABS-KEY field was used

with Boolean combinations of deep-learning terms (“deep learning”, “neural network*”,
“LSTM”, “CNN”, “RNN”, “transformer”, “attention mechanism”, “graph neural network*”,
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“autoencoder”, “GAN"), credit-risk terms (“credit risk”, “credit scoring”, “credit default*”,

vou

“loan default*”, “default prediction”, “credit assessment”), and fintech-lending terms

”oou V77i

(“fintech”, “P2P lending”, “peer-to-peer lending”, “online lending”, “digital lending”,
“marketplace lending”, “online loan*”). For Web of Science, the equivalent TS = (Topic
Search) field was used with the identical keyword combination. For IEEE Xplore, the “All
Metadata” search field was employed with the same Boolean combinations. The search

was applied to the title, abstract, and keywords fields in all three databases.

2.3. Inclusion and Exclusion Criteria (PRISMA 2020)

To establish additional selection criteria, the PRISMA 2020 protocol was adopted. The
following inclusion criteria were applied:

(1) Temporal scope: publications between 2015 and 2026, corresponding to the emergence
and maturation of deep learning applications in financial services;

(2) Language: publications in English;

(3) Document type: peer-reviewed journal articles and conference papers;

(4) Access: open-access publications, to ensure full-text availability for qualitative synthe-
sis and to align with the principles of transparency and reproducibility;

(5) Thematic relevance: publications whose title and abstract demonstrably address deep
learning or neural network-based credit risk prediction in fintech, peer-to-peer, or
online lending contexts.

Exclusion criteria removed records outside the specified timespan, publications fo-
cused exclusively on non-fintech domains (e.g., traditional bank credit without digital
lending context), editorials and opinion pieces, and studies where deep learning was
mentioned only peripherally without being the primary methodological contribution.

The filtering sequence is illustrated in Figure 1 using the PRISMA 2020 flow diagram.
The initial queries returned 121 records from Scopus, 113 records from IEEE Xplore, and
20 records from Web of Science, yielding a combined raw pool of 254 records. After
cross-database deduplication (matching by DOI and title-similarity), 14 duplicate records
were removed, leaving 240 unique records. After applying the temporal filter (2015-2026),
226 records remained. The open-access filter narrowed the corpus to 37 records. Filtering
by document type reduced the set to 34 records. Title-level screening removed 2 records;
abstract-level screening removed an additional 2 records. The final corpus comprised
30 publications—23 from Scopus, 2 from IEEE Xplore, and 5 from Web of Science.

2.4. Data Extraction and Analytical Tools

The resulting filtered data were exported from each database in CSV and BibTeX
formats. From Scopus, the export contained 34 standardized metadata fields per record.
From IEEE Xplore, exported fields included document title, authors, publication title,
year, abstract, keywords, DOI, and citation count. From Web of Science, the full-record
export included titles, authors, addresses, abstract, keywords, references, and times-cited
counts. After cross-database deduplication, the merged dataset comprised 30 records with
comprehensive metadata.

Data visualization and bibliometric computations were performed using Python
(v3.11) and its scientific computing ecosystem, deliberately replicating the functionality
of established bibliometric platforms such as the R Bibliometrix (v4.3.2) (Aria & Cuccu-
rullo, 2017) and VOSviewer (v1.6.20) (van Eck & Waltman, 2010). The following libraries
were employed:

(1) pandas and numpy for data manipulation and descriptive statistics;
(2) matplotlib and seaborn for publication-quality visualization;
(3) networkx for network construction (keyword co-occurrence, bibliographic coupling);
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(4) python-louvain for Louvain community detection, replicating VOSviewer’s modularity-
based clustering;
(5) scipy cluster hierarchy for hierarchical dendrogram construction.

The choice of Python-based tooling was motivated by its reproducibility, extensibility,
and the ability to integrate the full analytical pipeline—from raw CSV to publication-
ready figures—in a single version-controlled environment. All analytical scripts, cleaned
datasets, and generated figures are available from the corresponding author upon request,
supporting the transparency and reproducibility standards of bibliometric research.

Identification of studies via databases and registers

Scopus IEEE Xplore Web of Science
(n=121) (n=113) (n = 20)

c
2
S
®
S
=
s
&
[}
=

|

Combined (n = 254)
Duplicates removed (n = 14)
Unique records n = 240

)

Excluded: out of

Records screened > timespan 2015-2026
{0 =240) (n=14)
After year filter o Excluded: not
(n = 226) open access

(n = 189)

}

Screening

- Excluded: other
After open access filter proes
(n=37) (n=3)
After document type filter Excluded:
abstract not relevant

(n = 34)

(n=2)

|

After title screening
(n=32)

!

After abstract screening
(n=30)

}

Studies included in review
(n =30)

Scopus: 23 | IEEE Xplore: 2 | Web of Science: 5

Figure 1. PRISMA 2020 flow diagram for study selection across three databases: Scopus, IEEE Xplore,
and Web of Science. Source: adapted from Page et al. (2021).

2.5. Analytical Framework

The bibliometric analysis proceeded in three complementary stages. The first stage
produced descriptive statistics of the corpus, including publication dynamics, citation
distributions, journal-level productivity with h/g/m indices, and country-level contribu-
tions. The second stage conducted network analyses, including bibliographic coupling
(Kessler, 1963) and keyword co-occurrence, with Louvain algorithm clustering to iden-
tify thematic communities. The third stage produced a thematic map following Callon’s
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centrality—density formalism (Cobo et al., 2011), positioning clusters in a four-quadrant
space (Motor Themes, Basic Themes, Niche Themes, Emerging or Declining Themes), and
a topic dendrogram based on the Jaccard-normalized co-occurrence distance.

Beyond the quantitative bibliometric layer, each of the 30 included publications was
subjected to a structured qualitative reading to extract: (i) the specific deep learning archi-
tecture(s) employed; (ii) the predictor variables and data sources; (iii) the techniques used
to address class imbalance; (iv) the evaluation metrics reported; and (v) the benchmark
datasets. For review and survey papers, the qualitative coding captured the methodolog-
ical landscape described and the gaps identified. This paper-level coding produced the
synthesis matrix that underpins the discussion in Section 4.

The examination was not registered in PROSPERO or an analogous registry, and
no study protocol was prepared in advance. This follows the convention adopted by
prior bibliometric SLRs in the domain (Hyk et al., 2026) and reflects the exploratory, non-
interventional nature of the review.

3. Results
3.1. General Descriptive Review

At the initial stage of the systematic literature review;, it is important to establish the
general state of the available publications, the publication activity of scholars, temporal
distribution, and the structure of authorship and collaboration. General descriptive infor-
mation on the multi-database corpus on deep learning for credit risk prediction in fintech
lending is presented in Table 1.

Table 1. Main information about the data.

Description Results
Timespan 2018:2026
Sources (journals, proceedings, etc.) 24
Documents 30
Average years since publication 3.73
Average citations per document 27.167
Average citations/year/doc 5.664
References 3012
Article (document type) 27
Conference paper (document type) 3
Keywords Plus (ID) 198
Author’s Keywords (DE) 71
Authors 91
Author appearances 98
Authors of single-authored documents 1
Authors of multi-authored documents 90
Documents per author 0.330
Authors per document 3.10
Collaboration index 3.24

Based on the information provided, the following observations can be drawn:

(1) The final corpus comprises 30 publications—27 peer-reviewed journal articles and
3 conference papers—drawn from three bibliographic databases: Scopus (n = 23,
76.7%), IEEE Xplore (n = 2, 6.7%), and Web of Science (1 = 5, 16.7%). The expansion
from 23 to 30 publications through multi-database search demonstrates that no single
database captures the full landscape of deep learning research on fintech credit risk:
the 7 papers uniquely identified through IEEE Xplore and Web of Science include
high-impact contributions such as Ariza-Garzon et al. (2020) on ML explainability
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with SHAP (138 citations) and Chen et al. (2021) on imbalanced P2P default prediction
(50 citations), both in IEEE Access, which were absent from the Scopus-only corpus;

(2) The average number of citations per document (27.17) is notably high relative to
bibliometric norms in adjacent domains—comparable systematic reviews on digital
corporate reporting record averages below 10 citations per document (Hyk et al., 2026).
Importantly, the expansion to multi-database search increased rather than diluted
citation density (from 23.83 to 27.17), confirming that the additional papers retrieved
are genuinely high-impact contributions. The total citation pool increased from 548 to
815—a 48.7% increase from an expansion of only 30.4% in paper count;

(3) A total of 91 unique scholars contributed to the 30 publications, with an average of
3.10 authors per document and a collaboration index of 3.24. Single-authored work is
rare (only 1 document), confirming that deep learning-based credit risk research in
fintech is inherently multidisciplinary and collaborative;

(4) The corpus collectively cites 3012 references, yielding an average of 100.4 refer-
ences per document. Scholars employed 71 distinct author-supplied keywords and
198 index keywords, a diversity that is reflected in the four-cluster keyword co-
occurrence network.

A detailed distribution of scientific publications by year is shown in Figure 2.

Annual Scientific Production

_ : » i
i _

2018 2019 2020 2021 2022 2023 2024 2025 2026
Year

Number of Articles

-

Figure 2. Annual scientific production on deep learning for credit risk prediction in fintech lending
(2018-2026).

The data in Figure 2 reveal a broadly upward trajectory in publication volume over
the period 2018-2026. After an isolated 2018 publication (W. Li et al., 2018) pioneered
the heterogeneous ensemble approach to P2P default prediction, the field grew steadily
through 2019-2022, experienced a transient trough in 2023, and surged to its highest
level in 2024 with five publications. The estimated compound annual growth rate is
approximately 29.2%, which confirms that the field is in a phase of rapid expansion. The
strong momentum of recent years—together with the accelerating integration of large
language models and transformer architectures into financial analytics—suggests that this
upward trend will continue.

3.2. Analysis of the Most Cited Publications, Journals, and Countries

An important indicator that determines the degree of scholarly influence and relevance
of a study within the academic community is the number of citations received from other
researchers. Table 2 presents the ten most cited publications on deep learning for fintech
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credit risk from the 30-paper corpus, demonstrating both the academic impact of each work
and the notable shift in citation leadership following multi-database integration.

Table 2. Top 10 most globally cited documents.

Total Total

Author(s) Year Citations  Citations/Year

Ariza-Garzoén et al. (2020)—Explainability of a

Machine Learning Granting Scoring Model in 2020 138 23.0
P2P Lending
C. Wang et al. (2019)—A Deep Learning
Approach for Credit Scoring of P2P Lending 2019 131 18.7

Using Attention Mechanism LSTM

W. Li et al. (2018)—Heterogeneous ensemble for

default prediction of peer-to-peer lending 2018 57 7.1
in China
Xu et al. (2021)—Loan default prediction
of Chinese P2P market: a machine 2021 55 11.0
learning methodology

Chen et al. (2021)—Predicting default risk on P2P
lending imbalanced datasets

Chang et al. (2022)—ML and ANN to construct
P2P lending credit-scoring model (Lending Club)

2021 50 10.0

2022 43 10.8

Turiel and Aste (2020)—Peer-to-peer loan
acceptance and default prediction with 2020 42 7.0
artificial intelligence

Lyocsa et al. (2022)—Default or profit scoring
credit systems? Evidence from European and US 2022 40 10.0
P2P markets

Zhang et al. (2020)—A deep learning based
online credit scoring model for P2P lending

2020 33 55

Kumar and Gunjan (2020)—Review of machine

learning models for credit scoring analysis 2020 33 53

The most cited article in the corpus is Ariza-Garzon et al. (2020) with 138 citations
(23.0 per year), retrieved from IEEE Xplore. This paper proposes a machine learning
granting scoring model for P2P lending and applies SHAP (Shapley Additive Explanations)
to explain model predictions—directly addressing the explainability gap that constitutes
one of this review’s central future research directions. Its high citation impact and absence
from the Scopus-only corpus validates the multi-database search strategy and signals that
the XAI dimension of credit risk modeling is more developed than a single-database review
would suggest.

The second most cited work is C. Wang et al. (2019), with 131 citations, in which the
authors propose a consumer credit scoring method based on an attention-mechanism LSTM
that operates over borrowers’ online operation-behavior event sequences. By construct-
ing an “Event2vec” representation—analogous to the Word2vec paradigm from natural
language processing—the authors pioneer the treatment of borrower behavioral traces
as sequential data amenable to deep learning. This work is widely cited not only for its
methodological novelty but also because it established a template for subsequent research
combining attention mechanisms with sequential financial data.
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The third and fourth most cited works, W. Li et al. (2018) (57 citations) and Xu et al.
(2021) (55 citations), anchor the corpus in Chinese P2P markets and establish heterogeneous
ensemble learning as a benchmark methodology. W. Li et al. (2018) demonstrate that com-
bining XGBoost, LightGBM, and neural network base learners with stacking and bagging
produces more robust default predictions than any single learner. Xu et al. (2021) provide a
systematic comparison of random forest, XGBoost, gradient boosting machines, and neural
networks on Chinese P2P data, reporting the superiority of ensemble approaches.

Chen et al. (2021) (50 citations) address one of the most persistent methodological chal-
lenges in fintech credit risk modeling: the class imbalance problem inherent in P2P lending
datasets, where defaulters typically represent only a small fraction of all borrowers. Their
findings demonstrate that the choice of resampling strategy materially affects default-class
detection performance, with AUC and Fl-score improvements of up to 15-30 percent-
age points over imbalance-naive baselines, confirming that architectural sophistication
without principled imbalance handling consistently underperforms even simpler mod-
els that address the distributional asymmetry directly. Chang et al. (2022) (43 citations)
contribute a rigorous multi-model benchmarking study that systematically evaluates the
relative performance of artificial neural networks alongside six classical machine learning
classifiers—including logistic regression, support vector machines, decision trees, random
forest, XGBoost, and LightGBM—on Lending Club P2P lending data.

Turiel and Aste (2020) (42 citations) introduced a two-phase modeling architecture in
which the first phase predicts loan acceptance and the second phase predicts default risk
conditional on acceptance. Notably, their findings suggest that deep neural networks do not
always outperform logistic regression in the acceptance phase—a finding that challenges
the presumption of universal deep-learning dominance. Lydcsa et al. (2022) (40 citations)
advance the field by distinguishing between default scoring (which predicts the probability
of default) and profit scoring (which directly estimates the risk-adjusted return of each
loan), arguing that the latter aligns more closely with investor objectives and evaluating
their models on European and US P2P lending data.

Zhang et al. (2020) (33 citations) address concept drift through an online deep learning
architecture based on Hoeffding trees, which can be updated as new loan transactions
arrive. This is methodologically consequential: fintech data streams are non-stationary,
and offline-trained models can lose calibration rapidly. Kumar and Gunjan (2020) (33 ci-
tations) provide a comprehensive narrative review of machine learning models applied
to credit scoring analysis, surveying classical and modern techniques—including logistic
regression, support vector machines, decision trees, random forests, and artificial neural
networks—with particular attention to their applicability in the fintech space. The authors
argue that machine learning offers immense potential for credit scoring in fintech con-
texts, particularly for serving populations underserved by traditional credit bureaus, and
establish a conceptual taxonomy of ML-based credit scoring approaches that provides a
useful methodological reference point against which the more specialized deep learning
contributions in the present corpus can be contextualized.

Ko et al. (2022) (22 citations) contribute a systematic benchmarking study comparing
XGBoost, LightGBM, random forest, deep neural networks, and logistic regression on
Lending Club data. Finally, the most recently cited work, Y. Wang et al. (2024) (17 citations),
represents the methodological frontier: the authors propose a deep Q-network-based
reinforcement learning model augmented with Balanced Stratified Prioritized Experience
Replay, explicitly engineered to address class imbalance within the experience replay
buffer. This work foreshadows the coming integration of deep reinforcement learning with
principled imbalance handling, a direction we return to in Section 5.

https://doi.org/10.3390/jrfm19070465


https://doi.org/10.3390/jrfm19070465

J. Risk Financial Manag. 2026, 19, 465

11 of 27

The results of the analysis indicate that the core of the literature was published be-
tween 2018 and 2022, with an average citation rate of approximately 10.2 citations per
year per article—substantially above field norms. Figure 3 presents the bibliographic
coupling network.

Bibliographic Coupling Network of Articles
(Node size = citations; Color = year; Edge weight = shared references)
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Figure 3. Bibliographic coupling network of articles. Node size = citations; color = year; edge
weight = shared references (Berhane et al., 2024; Dzik-Walczak & Heba, 2021; Kim & Cho, 2019; Ko
et al., 2022; Kyeong et al., 2022; Lydcsa et al., 2022; Ma et al., 2021; Owusu et al., 2023; Turiel & Aste,
2020; C. Wang et al., 2019).

The bibliographic coupling analysis reveals a predominantly interconnected corpus,
with the largest connected component encompassing the majority of documents for which
reference lists were retrievable. The strongest coupling edges link Y. Wang et al. (2024)
with Lydcsa et al. (2022), and Lyodcsa et al. (2022) with Xu et al. (2021), suggesting a
“methodological backbone” of papers that consistently cite the same foundational references
on P2P credit scoring, imbalanced data handling, and ensemble learning.

The effectiveness and quality of scientific work are largely determined by the rigor and
reputation of the venues in which it is published. Table 3 presents the ten most influential
journals in the corpus, ranked by total citations.

Table 3. Top 10 most influential journals/venues.

Journal Title Total Citations h-Index g-Index m-Index NX?:iIZTZSOf

IEEE Access 409 5 5 0.62 5
Scientific Reports 55 1 1 0.20

Quantitative Finance and Economics 43 1 1 0.25 1
Royal Society Open Science 42 1 1 0.17 1
Financial Innovation 40 1 1 0.25 1
Ingenieria Solidaria 33 1 1 0.17 1
PLoS ONE 31 1 1 0.20 1
Mathematics 30 1 1 0.14 1
Entropy 22 1 1 0.25 1
Artificial Intelligence Review 17 1 1 0.50 1

IEEE Access emerges as the overwhelmingly dominant venue in the corpus, with five
publications accumulating 409 citations collectively (h-index of 5, m-index of 0.62). This
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reinforces the computer-science orientation of the field while also demonstrating that the
multi-database strategy was consequential: the two newly retrieved IEEE Access papers
(Ariza-Garzon et al., 2020; Chen et al., 2021) together contribute 188 citations, increasing
IEEE Access’s total by 85%. A notable new entrant is Quantitative Finance and Economics
(43 citations, retrieved via Web of Science), representing the finance-oriented analytical
tradition. All journals in the top five are established Q1/Q2 outlets with strong impact
factors across their respective disciplines.

The next stage of bibliometric analysis examines scientific productivity by geographic
criteria. Table 4 lists the countries whose researchers contributed to the corpus, ranked by
total citations based on the corresponding author’s affiliation country.

Table 4. Countries by publication and citation count.

Country Articles Total Citations Average Article Citations
China 11 342 31.09
Spain 1 138 138.00

Taiwan 3 115 38.33

United Kingdom 1 42 42.00
Czech Republic 1 40 40.00
India 3 49 16.33
South Korea 2 43 21.50
Ghana 1 14 14.00

Poland 1 11 11.00

Ethiopia 1 11 11.00

Vietnam 2 7 3.50

Germany 1 2 2.00

Netherlands 1 1 1.00
South Africa 1 0 0.00

The geographic distribution of research output reveals a pronounced Chinese domi-
nance: scholars affiliated with Chinese institutions contributed 11 of the 30 publications
(36.67%) and collectively accumulated 342 citations (41.96% of the total). This concentration
reflects both the scale of China’s P2P lending industry—which at its peak hosted thou-
sands of platforms and hundreds of millions of users before regulatory tightening—and
the well-developed Chinese research ecosystem in applied artificial intelligence. Spain
enters the top of the average-citation ranking with 138 citations per paper—Ariza-Garzén
et al. (2020)—reflecting the disproportionate impact of XAl-focused credit risk research
previously invisible in Scopus. Other single contributions from the United Kingdom, Czech
Republic, Ghana, Poland, Ethiopia, Germany, Netherlands, and South Africa complete the
corpus, demonstrating a geographically diverse but China-centered research landscape.
Figure 4 visualizes the geographic distribution of corresponding-author affiliations.

The geographic profile carries methodological implications. Chinese-led studies tend
to focus on Chinese P2P platforms (Xu et al., 2021; W. Li et al.,, 2018; Z. Li et al., 2024;
C. Wang et al., 2019; Ma et al., 2021), often using proprietary or less-documented datasets,
while non-Chinese studies predominantly rely on Lending Club data from the United States.
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Figure 4. Country collaboration map based on corresponding authors’ affiliations.

3.3. Thematic Mapping

Thematic analysis is one of the most important components of a systematic literature
review and is based on keyword scoring, co-occurrence mapping, and conceptual clustering
by research area (Cobo et al., 2011). The analysis of author and index keywords allows us
to establish relationships between the main topics addressed in the corpus and to reveal the
latent thematic structure of deep learning-based fintech credit risk research. As a result of
the keyword co-occurrence analysis, a network visualization map is presented in Figure 5.

imbalanced dataset

0 loan default
attentior{iéchanism
imbal{E8d data
2/as <nn
defau‘lctlon
neurework
peer- nding
credit risk online lending
ligffigbm
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expl.aimy
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. mmm Cluster 1

mmm Cluster 2
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Cluster 4

Figure 5. Keyword co-occurrence network with three thematic clusters identified via Louvain
community detection.

The keyword co-occurrence network from the 30-paper corpus comprises 22 keywords
(those appearing in at least two documents) and 95 edges. Louvain community detection
identified four thematic clusters—compared with three in the original Scopus-only corpus—
with the emergence of a distinct XAI/explainability cluster being the most analytically
significant addition.
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Cluster 1 (red)—P2P lending and default prediction architectures. This is the largest
cluster, anchored by peer-to-peer lending (18 occurrences) and includes credit scoring (10),
machine learning (9), default prediction (7), neural network (6), and ann (2). The cluster
embodies the core vocabulary of the field: the application of neural networks and machine
learning to P2P default prediction. Representative publications include C. Wang et al. (2019)
on attention-LSTM, Turiel and Aste (2020) on the two-phase acceptance-default DNN, and
Owusu et al. (2023) on DNN with ADASYN.

Cluster 2 (green)—Explainability and XAl-based credit scoring. This cluster is entirely
new relative to the Scopus-only corpus and emerges directly from the multi-database search
results. Anchored by explainability (2), xai (2), and shap (2), it represents the growing
intersection between credit risk modeling and interpretable Al. Representative publications
include Ariza-Garzon et al. (2020) (138 citations, IEEE) and Straus et al. (2025) (WoS). The
cluster’s emergence validates research agenda direction (6) elaborated in Section 4.6.

Cluster 3 (blue)—Imbalanced data and hybrid deep-learning frameworks. Anchored
by imbalanced data (2), attention mechanism (2), and lightgbm (2), this cluster captures
the intersection of class imbalance handling and hybrid attention-boosting architectures.
Representative publications include Chen et al. (2021) (IEEE), Ying et al. (2025), and Y.
Wang et al. (2024). This cluster reflects the core novelty contribution of this review.

Cluster 4 (orange)—Credit risk, deep learning, and ensemble methods for fintech.
Anchored by credit risk (13) and deep learning (12), and including artificial intelligence
(3), ensemble learning (3), fintech (3), and loan default (3), this cluster captures the broader
fintech credit risk landscape. Representative publications include Karn et al. (2022), Kyeong
etal. (2022), and Z. Li et al. (2024).

Taken together, the four clusters reveal a coherent but evolving research program.
The emergence of a distinct XAI cluster from multi-database integration provides direct
empirical evidence that explainability-focused credit risk research has achieved sufficient
critical mass to constitute a recognizable sub-field.

The next important stage is the thematic map, which positions keyword clusters
according to their centrality (degree of relevance to the overall network) and density
(degree of internal development) (Cobo et al., 2011). The map is presented in Figure 6.

3.0

Cluster 1

2.5 peer-to-peer lending

Cluster 2
] ex“y

1.54

q 3
1.0 imbdata 7
Cluster 4

Density (Development Degree)

credit risk

0.5

ll) 2‘0 4b 6‘0 8‘0
Centrality (Relevance Degree)

Figure 6. Thematic map based on Callon’s centrality-density formalism. Bubble size = total keyword
frequency.
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Figure 6 presents the updated thematic map with four clusters. Cluster 1 (peer-to-
peer lending) occupies the Motor Themes quadrant (upper right: centrality 69, density
2.53), confirming that P2P default prediction is both central and well-developed. Cluster
2 (explainability) is positioned in the Niche Themes quadrant (upper left: density 2.00,
centrality 15), characteristic of a specialized but internally coherent sub-field that has not
yet achieved broad centrality—but is expected to migrate toward Motor Themes. Cluster 3
(imbalanced data) is positioned in the Emerging Themes quadrant (lower left: density 1.00,
centrality 12), reflecting that imbalanced data handling is a recognized concern but not yet
a central organizing principle for most authors. Cluster 4 (credit risk) occupies the Basic
Themes quadrant (lower right: density 0.87, centrality 58), serving as connective tissue
across the corpus. No cluster falls in the Emerging or Declining Themes quadrant at the
lower left, confirming a field in expansion.

To further explore hierarchical relationships between keywords, a topic dendrogram
was constructed, as shown in Figure 7.

Topic Dendrogram: Conceptual Structure of Deep Learning for Fintech Credit Risk Research
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Figure 7. Topic dendrogram of keyword conceptual structure based on Jaccard-normalized co-
occurrence distance.

The dendrogram in Figure 7 reveals a four-branch structure: (i) the P2P lending
and default-prediction vocabulary (dominant left branch); (ii) the explainability and XAI
terms (isolated sub-branch); (iii) the imbalanced data and attention mechanism vocabulary
(right sub-branch); and (iv) the broad credit risk and deep learning terminology (right
branch). The proximity of the explainability branch to the broader credit risk branch—at a
high distance level in the dendrogram—confirms that XAI has emerged as a recognizable
sub-community retaining strong linkages to the mainstream credit risk modeling literature.

The combination of the co-occurrence network, thematic map, and dendrogram pro-
vides a multi-perspective view of the conceptual landscape. Together, they confirm that
deep learning-based credit risk prediction in fintech lending is a field characterized by
rapid growth, methodological diversity, and strong cross-cluster integration. The follow-
ing section turns from the bibliometric-network perspective to a substantive, paper-level
synthesis organized around the six research questions.
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4. Discussion

The theoretical analysis of the integration of deep learning into fintech credit risk
prediction shows a stable trend of increasing methodological sophistication, offering signif-
icant opportunities for improving predictive accuracy while simultaneously raising new
methodological challenges. According to the results of the bibliometric analysis, scholarly
interest in this topic continues to grow dynamically, with a CAGR of approximately 29.2%
over the 2018-2025 period—a figure substantially higher than the 21.9% estimated from
the Scopus-only corpus. This section synthesizes the findings through the lens of the six
research questions.

4.1. RQ1—Scientific Output and Intellectual Landscape

The total volume of 30 open-access publications over the 2018-2026 window, with
815 cumulative citations, reflects a research area that is both focused and high-impact.
The geographic concentration of output in China (11 of 30 papers, 36.67%) can be ex-
plained by the convergence of three factors: (i) the massive scale of Chinese P2P lending
during 2013-2018, which produced rich empirical datasets; (ii) the well-developed Chi-
nese research ecosystem in applied artificial intelligence; and (iii) the regulatory shifts
following the 2018 P2P crisis, which motivated research into default prediction as a risk-
mitigation tool. Similar observations concerning the geographic concentration of research
output have been reported in related bibliometric reviews of digital finance (Hyk et al.,
2026; Lombardi & Secundo, 2021). The dominance of IEEE Access as a publication venue
(5 papers, 409 citations) is consistent with the computer-science orientation of many contri-
butions, although the appearance of studies in finance-focused outlets such as Financial
Innovation and Journal of Economics, Finance and Administrative Science signals growing
cross-disciplinary uptake.

A notable feature of the corpus is the prominence of high-citation “anchor” publica-
tions that set methodological precedents for subsequent work. The Ariza-Garzoén et al.
(2020) machine learning granting scoring model paper (138 citations, 23.0 citations/year),
the C. Wang et al. (2019) credit scoring using LSTM paper (131 citations, 18.7 citations/year),
the W. Li et al. (2018) heterogeneous ensemble for default prediction paper (57 citations),
and the Xu et al. (2021) machine-learning benchmarking paper (55 citations) collectively
define the backbone of the field. The bibliographic coupling analysis revealed that these an-
chors are themselves strongly interconnected, indicating a cohesive intellectual community
rather than parallel isolated research streams.

4.2. RQ2—Deep Learning Architectures in Fintech Credit Risk

The qualitative analysis of the 30 publications identified a diverse architectural land-
scape for deep learning-based credit risk prediction. Table 5 presents the consolidated
architectural taxonomy derived from paper-level coding.

Four analytically distinct observations emerge from Table 5, each with direct implica-
tions for practitioners selecting architectures for fintech credit-risk applications.

First, feedforward DNNSs remain the most numerically prevalent standalone architec-
ture (6 papers) but do not dominate on predictive performance. Comparative benchmarking
evidence reveals a nuanced picture: Turiel and Aste (2020) report that logistic regression
matches or outperforms DNN in the loan acceptance phase (AUC difference < 0.02); Trinh
(2024) finds that no single deep architecture dominates across all metrics; Ko et al. (2022)
report LightGBM achieving AUC = 0.837 versus DNN at 0.814. This collective evidence
is consistent with broader tabular machine learning findings (Grinsztajn et al., 2022) and
implies a critical methodological recommendation: deep learning should not be adopted as
default without rigorous ablation against gradient-boosting baselines.
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Table 5. Taxonomy of deep learning architectures employed in the corpus.

Architectural Category Representative Studies N Key Characteristics
Owusu et al. (2023); Trinh (2024); . . . .
Feedforward Turiel and Aste (2020); Qian and Hu 6 fe;?tisrejlerlrf ai;(:e};l:;;lch.lzg; trgggv‘zlé?ﬂ
DNN/ANN/MLP (2019); Dzik-Walczak and Heba (2021); & & comp y

Ma et al. (2021) when paired with imbalance handling

Deep Ensemble (stack-
ing /bagging/boosting)

W. Li et al. (2018); M. Wang and Cui
(2024); Hoanh-Su et al. (2025); Xuetal. 5
(2021); Dzik-Walczak and Heba (2021)

Heterogeneous base learners via
stacking; strong empirical performance
through diversity

Hybrid Deep + Boosting
(LightGBM/GBDT + DL)

Karn et al. (2022); Ying et al. (2025);
Berhane et al. (2024); Ly6csa et al.
(2022); Chang et al. (2022);
Zhang et al. (2020)

Deep feature extraction +
6 gradient-boosted trees; highest AUC
range in corpus (0.85-0.90)

CNN (standalone/hybrid)

Automatic feature extraction from
2 tabular credit data; adapted from
image recognition

Berhane et al. (2024);
Kim and Cho (2019)

Event2vec behavioral sequences;

Recurrzr::e/rT&?OTrll\/I with C. Wang et al. (2019) 1 second-most-cited paper (131 cit);
AUC =0.882
Multi-view GCN; highest AUC in
Graph Neural Network Z. Lietal. (2024) 1 corpus (0.901); explicit relational
(GCN) :
modeling
Deep Reinforcement DQON with BSPER; imbalance handling
Lparnin (DRL) Y. Wang et al. (2024) 1 embedded into RL framework;
¢ & G-mean = 0.794
BERT for P2P loan text descriptions;
Transformer (BERT-based) Schwab and Kriebel (2025) 1 adversarial robustness evaluation;
frontier architecture
SOM + Clustering Yu (2025) 1 Unsupervised credit segmentation; no

classification metric

ML + XAI (SHAP-focused)

Boosting /NN + SHAP explanations;
2 explainability-first design; regulatory
compliance focus

Ariza-Garzon et al. (2020);
Straus et al. (2025)

Review /Comparative/Survey (2022); Kumar and Gunjan (2020); 6

Deshmukh et al. (2025); Kyeong et al. Cross-architecture benchmarking; no
original empirical model; landscape

Mienye et al. (2026); Ko et al. (2022) overview

Second, hybrid deep-boosting architectures and deep ensembles jointly constitute
11 of the 30 papers (37%) and deliver the strongest consistent empirical performance.
The HBA-LGBM framework (Ying et al., 2025) achieves AUC = 0.873; GBDT-Deep FFM
(Karn et al., 2022) reaches AUC = 0.856. Critically, the performance advantage narrows
substantially when imbalance handling is absent: Berhane et al. (2024) show that their
hybrid CNN-GBDT-kNN achieves macro-F1 = 0.79 with SMOTE versus 0.42 without—a
47-point improvement attributable primarily to imbalance handling rather than architec-
tural complexity.

Third, the corpus reveals a new frontier architecture category—ML + XAI (SHAP-
based) models—absent from the Scopus-only corpus. Ariza-Garzén et al. (2020) (138 ci-
tations, now the corpus’s most-cited paper) and Straus et al. (2025) represent a growing
paradigm in which explainability is an architectural design principle, directly addressing
EU AI Act transparency requirements.
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Fourth, frontier architectures (Transformer, GCN, DRL) represent the most method-
ologically novel contributions but remain empirically underexplored. The BERT-based
Transformer of Schwab and Kriebel (2025)—the only Transformer in the corpus—achieves
AUC = 0.812 on P2P loan text and additionally demonstrates adversarial robustness. The
multi-view GCN of Z. Li et al. (2024) achieves AUC = 0.901 (highest in the corpus), with
the graph-structural component contributing approximately 3 AUC points above the non-
graph baseline. None of these frontier architectures has been benchmarked against the
Lending Club dataset, making cross-study comparisons speculative.

Table 6 provides the most granular cross-study performance comparison the hetero-
geneity of reporting permits, extracting the primary performance metric for each reviewed
study. For papers without standard classification metrics (review /survey papers, unsuper-
vised studies, profit-scoring studies), appropriate notation is used.

Table 6. Cross-study comparison of deep learning architectures, imbalanced data handling, and

reported predictive performance.

Study Architecture Dataset Imbalz}nce Metric Value
Handling
C. Wang et al. (2019) Attention-LSTM ((f)}e‘ﬁe‘ffofif Not explicit AUC 0.882
. Deep Ensemble Chinese P2P Ensemble
W. Lietal. (2018) (XGB+LGBM +NN)  (Renrendai) diversity AUC 0.871
. HBA-LGBM (Attention .. . Attention
Ying et al. (2025) + LGBM) Digital finance re-weighting AUC 0.873
. . . Graph
Z. Lietal. (2024) Multi-view GCN Chinese loan data augmentation AUC 0.901
Hoanh-Su et al. (2025) ([;\Zip+ESie)mble Loan data gifg;]%l,e Accuracy  0.923
Chang et al. (2022) ANN + 6 ML models Lending Club Not explicit AUC 0.823
Ko et al. (2022) LightGBM + DNN Lending Club Cost-sensitive AUC 0.837
Zhang et al. (2020) Online DL (Hoeffding) = P2P streaming Online adaptive AUC 0.834
Ariza-Garzon et al. (2020) Boosting + LR + SHAP  P2P (Spanish) Not explicit AUC 0.820
g P p
Turiel and Aste (2020 DNN (two-phase Lending Club Not explicit AUC 0.812
p & P
(SZC(I;ZV;; band Kriebel Transformer (BERT) P2P loan text Not explicit AUC 0.812
Owusu et al. (2023) DNN Lending Club ADASYN F1 0.812
Berhane et al. (2024) g&%{‘éBDT_kNN Lending Club SMOTE Macro-F1  0.790
ML + Resampling + Lending Club SMOTE +
Chen et al. (2021) Cost-sensitive (imbalanced) ADASYN + Cost AUC 0.803
. BSPER
Y. Wang et al. (2024) DRL + BSPER P2P (imbalanced) (novel DRL) G-mean 0.794
Ly6csa et al. (2022) XGBoost + NN f,;lﬂol’ea“ +US Not central IRR —
Kumar and Gunjan . . .
(2020) ML Review Multiple Review — —
Mienye et al. (2026) Survey: MLF, RNN, Multiple Survey — —

CNN, GNN
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4.3. RQ3—Variables and Data Sources

The predictors used across the corpus fall into two broad categories: (i) traditional
credit features and (ii) alternative data. Traditional features dominate the literature and
include loan amount, interest rate, loan term, employment length, annual income, debt-to-
income ratio, FICO or equivalent credit scores, home ownership status, and loan purpose
(Turiel & Aste, 2020; Ko et al., 2022; Xu et al., 2021). These variables are available in most
P2P lending datasets—especially the widely used Lending Club dataset—and constitute
the de facto benchmark feature set.

More methodologically distinctive are the studies that incorporate alternative data
unavailable to traditional lenders. C. Wang et al. (2019) pioneered the use of online
operation behavior data—the sequence of events generated as a borrower interacts with
the lending platform’s mobile or web interface—as a predictive feature. By transforming
each event type into a dense vector through the Event2vec procedure, the authors convert
behavioral streams into representations amenable to LSTM processing. Kyeong et al. (2022)
extend this idea by using system log data from KakaoBank, an internet-only bank in
South Korea with over 14 million users. The authors demonstrate that features derived
from mobile application usage patterns materially improve credit scoring performance
beyond traditional credit bureau variables. Z. Li et al. (2024) take an altogether different
approach by treating the relational structure among loan applications as a data source:
their multi-view GCN learns representations that capture both individual features and
network-level information.

The dominance of Lending Club data in the corpus (appearing in at least 11 of the
30 reviewed studies) raises important concerns regarding external validity and benchmark
bias. Lending Club data is publicly available through Kaggle and has become the de facto
benchmark for P2P default prediction research. However, the dataset covers a specific
US institutional context, imposes particular selection criteria on included loans, and has
been heavily mined by prior research, raising the possibility that reported performance
gains partially reflect dataset-specific idiosyncrasies rather than general methodological
improvements. Studies that validate their methods on multiple datasets—such as Ly6csa
et al. (2022), who evaluate on both European and US P2P data, and M. Wang and Cui
(2024), who use both domestic Chinese and foreign online loan datasets—are relatively rare
but constitute best practice.

A critical gap, identified through this qualitative reading, is the limited integration
of macroeconomic and environmental variables (e.g., unemployment rates, interest rate
environments, regional economic indicators) into the predictor set. Credit risk is inherently
sensitive to macroeconomic conditions, yet the reviewed studies predominantly focus on
borrower-level features and, to a lesser extent, platform-level behavioral traces. The absence
of macroeconomic signals may limit the robustness of these models during economic stress
episodes, when default rates tend to rise non-linearly.

4.4. RQ4—Mathematical and Methodological Challenges

This research question—the novelty core of the present review—examines how the
corpus addresses five mathematical and methodological challenges that are central to deep
learning-based credit risk prediction.

(1) Class imbalance;

Credit default is a rare event. In most fintech lending datasets, the default class
constitutes between 5% and 20% of observations, producing severe class imbalance that
can distort the training of deep neural networks. Of the 30 reviewed papers, 8 explicitly
address class imbalance as a primary methodological concern, while most remaining
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studies either acknowledge the problem in passing or rely on standard training procedures.
The techniques employed span the full taxonomy of imbalance-handling methods:

Synthetic Minority Over-sampling (SMOTE). Berhane et al. (2024) employ SMOTE to
synthesize minority-class examples by interpolating between nearest neighbors in feature
space. The authors report substantial F1-score improvements for default detection in
their hybrid CNN-LR-GBDT-kNN framework. ADASYN (Adaptive Synthetic Sampling).
Owusu et al. (2023) adopt ADASYN, which generates more synthetic samples in regions of
the feature space where the minority class is harder to learn. Their DNN achieves consistent
performance gains over imbalance-naive baselines.

Cost-sensitive and weighted learning. Several studies adjust class weights in the
loss function, penalizing misclassification of defaulters more heavily than misclassifica-
tion of non-defaulters (Xu et al., 2021; Ko et al., 2022). Attention-based re-weighting.
Ying et al. (2025) introduce a Hybrid Boosted Attention mechanism that adaptively
weights features to emphasize those most informative for default detection under imbal-
ance. The attention layer effectively functions as a data-driven alternative to hand-crafted
cost-sensitive weights.

Balanced Stratified Prioritized Experience Replay (BSPER). The most methodologically
original contribution comes from Y. Wang et al. (2024), who embed imbalance handling
within the experience replay buffer of a deep Q-network. BSPER stratifies the buffer by
class and samples with priority scores that compensate for class frequency, effectively
rebalancing the agent’s learning signal at each training step. Online updating and graph-
based augmentation. Zhang et al. (2020) address class imbalance indirectly through online
learning, which allows the model to continuously adapt to shifting class distributions. Z.
Li et al. (2024) leverage the graph structure to propagate labels from scarce default cases to
structurally similar applications.

Mathematically, these approaches can be unified under the framework of weighted
empirical risk minimization. Given a training set { (x;, ;) } with class labels y; € {0,1}, the
weighted cross-entropy loss takes the form:

10) =~ () 2 w0 (slompacey + (1~ y1o8(1 = ) )] <1>
where w(y;) is a class-dependent weight. Oversampling methods (SMOTE, ADASYN)
implicitly re-weight the loss by augmenting the minority class; cost-sensitive methods do
so explicitly through w(y;); and BSPER does so stochastically through the replay sampling
distribution. A unifying observation is that the corpus has not yet converged on a principled
comparison of these methods: most studies adopt one approach and report downstream
performance, without ablation studies isolating the contribution of the imbalance-handling
strategy from the underlying architecture. Notably absent from the corpus are applications
of focal loss (Lin et al., 2017), which has become standard in computer vision for handling
imbalance and class difficulty simultaneously, and GAN-based minority synthesis, which
is increasingly used in tabular data augmentation.

(2) Loss function design;

Almost all reviewed studies employ standard binary cross-entropy as the training
loss. Exceptions include Lydcsa et al. (2022), who train profit-scoring models by regressing
the internal rate of return rather than classifying default status—a fundamental reformu-
lation that aligns the loss function with the economic objective of the investor. Ying et al.
(2025) implicitly modify the effective loss through their attention-weighting mechanism.
The narrow repertoire of loss functions represents a substantial methodological gap. In
particular, losses that explicitly target the precision-recall tradeoff at operational thresholds
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(e.g., weighted focal loss, LDAM loss, class-balanced loss) have yet to enter mainstream
use in this domain.

(38) Uncertainty quantification;

None of the 30 reviewed studies explicitly addresses uncertainty quantification
through Bayesian deep learning, Monte Carlo dropout, deep ensembles with uncertainty
estimation, or conformal prediction. This is a notable gap given that credit risk modeling is
fundamentally concerned with probabilistic forecasts, and the absence of calibrated uncer-
tainty estimates limits the usefulness of predictions for portfolio-level risk management.
The deep-ensemble studies in the corpus (e.g., M. Wang & Cui, 2024) could in principle be
extended to produce uncertainty estimates through prediction-variance computation, but
this extension is not reported.

(4) Concept drift

Fintech lending operates in a non-stationary environment: macroeconomic cycles,
regulatory shifts, and platform policy changes can all alter the statistical properties of loan
outcomes over time. Zhang et al. (2020) is the only study in the corpus that explicitly
addresses concept drift through an online-learning architecture. The absence of drift-aware
modeling in the rest of the corpus is a critical limitation, because offline-trained models can
lose calibration rapidly in production. Techniques such as ADWIN (Adaptive Windowing),
DDM (Drift Detection Method), and online Bayesian updating are not represented in
the corpus.

(5) Adversarial robustness and model security

Schwab and Kriebel (2025) and Straus et al. (2025), address the emerging dimension
of adversarial attacks on credit scoring models. Schwab and Kriebel (2025) demonstrate
that Transformer-based credit scoring models are vulnerable to adversarial perturbations
of loan text descriptions. Straus et al. (2025) show that SHAP-based explanations can serve
as defense signals against adversarial manipulation. This emerging dimension has direct
regulatory implications: adversarial robustness is explicitly required under Article 15 of
the EU AI Act for high-risk Al systems.

Taken together, the mathematical and methodological analysis reveals a field that has
made substantial progress on class imbalance—especially through BSPER and attention-
based re-weighting—but that remains under-developed in loss-function design, uncertainty
quantification, drift handling, and adversarial robustness. These gaps constitute the most
consequential opportunities for future research.

4.5. RQ5—Ewvaluation Metrics and Benchmark Datasets

The corpus employs a fairly standardized set of evaluation metrics, dominated by
area under the receiver operating characteristic curve (AUC), accuracy, precision, recall,
and Fl-score. AUC is reported in nearly every study and serves as the lingua franca
for comparison across datasets and architectures. However, AUC alone is an incomplete
metric under class imbalance, because it weighs all thresholds equally and can mask poor
performance at the operationally important low-false-positive region of the curve. Several
recent studies (Berhane et al., 2024; Y. Wang et al., 2024) supplement AUC with G-mean
(the geometric mean of sensitivity and specificity) and Brier score (the mean squared error
of predicted probabilities), which are more informative under imbalance. W. Li et al. (2018)
additionally report the Brier score as a calibration metric.

Missing from the corpus are operationally grounded metrics that tie predictive per-
formance to economic outcomes. Examples include expected profit per loan, value-at-risk
(VaR), conditional value-at-risk (CVaR) for loan portfolios, and the cumulative gains curve.
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Lydcsa et al. (2022) represent a partial exception by constructing an internal-rate-of-return-
based evaluation, but their approach remains the minority. The under-use of economic
metrics is a reflection of the field’s computer-science orientation and suggests productive
opportunities for closer integration with finance-theoretic frameworks.

On the dataset side, the Lending Club dataset appears in at least nine of the reviewed
studies, making it the single most influential benchmark. Chinese P2P platforms (Renrendai,
PPDai, and generic “Chinese P2P” data) provide the second main source. Other datasets
include KakaoBank internet-banking log data (Kyeong et al., 2022), European P2P platforms
(Lyocsa et al., 2022), and Kaggle-hosted proprietary loan datasets. The concentration on
Lending Club data raises concerns analogous to those in computer vision with ImageNet:
repeated benchmarking on the same dataset can lead to subtle overfitting at the community
level, even when individual studies respect proper train/test splits.

4.6. RQ6—Research Gaps and Future Directions

Based on the bibliometric and methodological analysis, the following research direc-
tions emerge as the most consequential for future work on deep learning-based credit risk
prediction in fintech lending:

(1) Principled handling of class imbalance. Although several imbalance-handling tech-
niques are represented in the corpus, the field has yet to produce systematic compara-
tive studies that isolate the contribution of the imbalance-handling strategy from the
underlying architecture. Future research should conduct rigorous ablation studies
comparing SMOTE, ADASYN, focal loss, class-balanced loss, LDAM, and gener-
ative adversarial imbalance-handling on common benchmarks. Additionally, the
integration of imbalance handling directly into the loss function (rather than the
data-sampling step) offers theoretical advantages that remain underexplored. A par-
ticularly promising direction is the extension of the BSPER framework of Y. Wang
et al. (2024) to non-reinforcement-learning settings;

(2) Uncertainty quantification and calibrated prediction. The absence of Bayesian deep
learning, Monte Carlo dropout, deep ensembles with explicit uncertainty output, and
conformal prediction in the corpus represents a major gap. Credit risk is fundamen-
tally a probabilistic problem, and the provision of calibrated uncertainty estimates is
essential for portfolio-level risk management, stress testing, and regulatory capital
calculation. Future research should adapt uncertainty-quantification techniques from
computer vision and natural language processing to the fintech credit risk setting,
with particular attention to calibration under imbalance;

(3) Concept drift and temporal robustness. Fintech lending operates in a non-stationary
environment, yet offline-trained models dominate the corpus. Future research should
develop drift-aware deep learning models that can be updated incrementally as new
data arrives, detect distribution shifts, and quantify the resulting impact on risk
estimates. The online learning framework of Zhang et al. (2020) offers a starting point,
but more principled integrations of concept-drift detection (ADWIN, DDM) with
modern deep architectures are needed;

(4) Graph neural networks and relational modeling. The multi-view GCN of Z. Li et al.
(2024) demonstrates the value of explicitly modeling relational structure among loan
applications. Future research can extend this direction by incorporating heterogeneous
graph neural networks, temporal graph networks, and attention-based graph models.
These approaches are particularly well-suited to fintech data, where borrowers are
often connected through shared devices, IP addresses, employers, or social networks;

(5) Alternative data and behavioral modeling. The pioneering work of C. Wang et al.
(2019) on Event2vec and Kyeong et al. (2022) on system log data has yet to generate a
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large follow-up literature. Future research should systematically explore the value
of alternative data—including digital footprint, mobile application usage, social net-
work features, and psychometric signals—for credit risk prediction, while rigorously
assessing privacy and fairness implications;

(6) Explainable AI (XAI) and regulatory compliance. The corpus contains several studies
with XAI as a core methodological focus (notably Ariza-Garzoén et al., 2020; Straus
et al., 2025), the majority of reviewed studies do not integrate explainability into their
model design despite increasing regulatory pressure for interpretability in financial
services. Future research should integrate SHAP, LIME, attention visualization, and
counterfactual explanation methods into deep learning-based credit risk pipelines.
The hybrid attention-LightGBM architecture of Ying et al. (2025) offers a template by
combining a partially interpretable boosted-tree backbone with a deep attention layer;

(7) Benchmark diversity and external validity. The dominance of Lending Club data
risks community-level overfitting. Future research should develop and publish new
benchmark datasets—ideally from diverse geographic and institutional contexts—
and establish standard evaluation protocols that include economic metrics alongside
statistical ones;

(8) Integration of economic theory and deep learning. The dominant computer-science
orientation of the field has produced methodological sophistication but limited inte-
gration with financial theory. Profit scoring (Lydcsa et al., 2022), expected utility-based
evaluation, and portfolio-level risk optimization represent promising directions for
bridging this gap.

(9) Large language models, tabular foundation models, and the next architectural wave.
The Transformer-based credit scoring of Schwab and Kriebel (2025) is a harbinger of
broader developments. Tabular foundation models (TabPFN, TabTransformer, SAINT)
offer the prospect of pre-trained representations that transfer across credit datasets,
potentially mitigating imbalance and small-sample problems. None of the 30 reviewed
studies employs a tabular foundation model or fine-tuned LLM for credit scoring,
marking this as a wholly open frontier. Future research should benchmark these
against incumbent architectures in Table 5, with attention to calibration, sample effi-
ciency on imbalanced datasets, production-scale computational costs, and regulatory
transparency compliance.

Taken together, these nine research directions constitute a coherent agenda for advanc-
ing the accuracy, robustness, interpretability, and economic relevance of deep learning-
based credit risk prediction in fintech lending. The next section draws the implications of
this analysis for scholars, practitioners, and policymakers.

5. Conclusions

This article presented a systematic literature review and bibliometric synthesis of deep
learning applications for credit risk prediction in fintech lending, based on 30 open-access
publications retrieved from three complementary databases (Scopus, IEEE Xplore, and
Web of Science) and analyzed through PRISMA 2020-compliant procedures. The multi-
database search strategy proved substantively consequential: 7 of the 30 included papers
(23.3%) were retrieved exclusively from IEEE Xplore or Web of Science, and these 7 papers
collectively account for 267 citations (32.8% of the total), including the corpus’s highest-
cited paper (Ariza-Garzon et al., 2020, 138 citations) and the corpus’s only Transformer
architecture (Schwab & Kriebel, 2025). The methodological basis combined quantitative
bibliometric techniques—including a four-cluster keyword co-occurrence analysis, bib-
liographic coupling network, thematic map, and topic dendrogram—with a structured
qualitative reading of each included publication.
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From a theoretical perspective, the main conclusion is that deep learning has become
an integral component of the credit risk prediction toolkit in fintech lending, yet the
field is characterized by substantial methodological heterogeneity and uneven maturity
across sub-areas. The corpus shows a clear trend from single-architecture applications
(2018-2020) toward hybrid ensemble architectures and XAl-integrated approaches (2022—
2026). Credit risk prediction in fintech must be conceptualized as a structured prediction
problem involving imbalanced classes, non-stationary data, economic decision-relevance,
interpretability requirements, and regulatory compliance. The corpus evolution from
three to four thematic clusters—with the emergence of a dedicated XAI/explainability
cluster—provides direct empirical evidence that theoretical frameworks connecting deep
learning methodology to regulatory compliance are becoming a recognized sub-field.
Future theoretical work should focus on formal analysis of the bias-variance tradeoff
under severe class imbalance, theoretical guarantees for deep ensemble calibration, and
economic-theoretic foundations for loss-function design.

From a practical perspective, the findings carry differentiated implications for three
stakeholder groups. For fintech platform operators and credit risk teams, the most action-
able finding is that hybrid deep-boosting architectures (HBA-LGBM, GBDT-Deep FFM,
hybrid CNN-GBDT) consistently outperform standalone deep networks, with AUC advan-
tages of 3-6 percentage points, and that imbalance handling is a mandatory preprocessing
step: default-class F1 scores improve by 15-47 percentage points when explicit strategies
(SMOTE, ADASYN, BSPER, attention re-weighting) are applied. For financial data sci-
entists and machine learning engineers, a minimum viable evaluation protocol should
include: (i) separate reporting of majority-class and minority-class F1; (ii) ablation of the
imbalance-handling component from the architecture; (iii) calibration assessment via Brier
score; and (iv) out-of-time validation simulating production deployment under concept
drift. For technology vendors and platform architects, the emergence of XAl-integrated
scoring models, Transformer architectures, and GCN-based approaches suggests that credit-
risk infrastructure should evolve toward generating SHAP-valued decision explanations at
inference time.

From a policymaking perspective, three concrete regulatory implications emerge. First,
the European Parliament and Council (2024) classifies credit-scoring Al as high-risk under
Annex III, requiring transparency documentation, fundamental rights impact assessments,
human oversight, and conformity assessment—obligations that most black-box deep learn-
ing models cannot currently satisfy without embedded explainability layers. Second, Basel
III/IV model risk governance requires auditable credit models with documented valida-
tion procedures; the absence of adversarial robustness testing in most reviewed studies
represents a model risk management gap that practitioners must address before regulated
deployment. Third, the geographic profile of the corpus (36.7% from China) implies that
policymakers in emerging markets face a substantial gap between local fintech credit risk
environments and the research literature; investment in domestic open benchmark datasets
and research capacity is essential for evidence-based credit risk regulation.

The scientific novelty of this study lies in three complementary contributions: (i) a multi-
database systematic review that reveals a substantially larger and more geographically
diverse research corpus than prior single-database analyses; (ii) explicit focus on mathe-
matical and methodological challenges—class imbalance, loss function design, uncertainty
quantification, concept drift, and adversarial robustness—that distinguishes this review
from descriptive bibliometric surveys; and (iii) the identification of an XAI/explainability
sub-field that is empirically well-developed but methodologically disconnected from regu-
latory compliance frameworks.
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Despite its comprehensive nature, the review has several limitations. First, the corpus
remains restricted to open-access publications; future research should relax this constraint
through institutional library access. Second, the temporal scope (2015-2026) potentially
omits earlier neural-network-based credit risk work. Third, despite the expansion to 30 pub-
lications, the corpus size remains modest relative to SLRs in adjacent domains (Hyk et al.,
2026; n = 193), limiting the statistical robustness of some bibliometric computations. Fourth,
the emphasis on mathematical methodology may under-weight organizational, behavioral,
and regulatory dimensions. Finally, the rapid pace of methodological innovation means
any review captures a snapshot of a moving target; as elaborated in Section 4.6 (direction
9), the advent of tabular foundation models and fine-tuned LLMs will likely reshape the
architectural landscape cataloged in Table 5 within the next two to three years.

Notwithstanding these limitations, the present review establishes the current state,
structure, and trajectory of deep learning-based credit risk prediction in fintech lending.
By combining bibliometric rigor with mathematical and methodological depth, it offers a
concrete roadmap for the next generation of research—one in which a deeper integration of
financial theory, statistical learning, computational innovation, and regulatory compliance
can produce credit risk models that are not only more accurate but also more robust, more
interpretable, and more economically meaningful.
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