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This study investigates how social network analysis (SNA) can enhance risk as-
sessment in Peer to Peer (P2P) lending platforms, where the rapid growth of

digital lending highlights the background challenge of accurately evaluating
borrower credibility beyond traditional financial metrics. The objective of this
research is to develop a network based analytical framework that identifies rela-
tional patterns among borrowers and lenders to improve the detection of poten-
tial default risks. The method integrates graph based modeling, centrality mea-
surements, and community detection algorithms applied to borrower interaction
data, enabling the identification of structural features such as influence, con-
nectivity, and hidden borrower clusters that may correlate with credit behavior.
The results demonstrate that borrowers with high betweenness and eigenvec-
tor centrality values exhibit significantly different default tendencies compared
to those in more isolated network positions, while community structures reveal

risk concentrated clusters that are not captured by conventional credit scoring
[ systems. The conclusion emphasizes that incorporating SNA into P2P lend-

ing risk assessment provides a more holistic and data driven understanding of
N = borrower behavior, allowing platforms to strengthen credit evaluation, reduce
default rates, and support more sustainable digital lending ecosystems.
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1. INTRODUCTION

The rapid digitalization of financial services has transformed how individuals and businesses access
credit [1], leading to the global expansion of Peer to Peer (P2P) lending platforms that directly connect bor-
rowers and lenders through online infrastructures [2]. This shift away from traditional banking channels has
increased financial inclusion by offering alternative funding opportunities to individuals who may lack collat-
eral, formal credit histories, or stable financial documentation. However, the exponential growth of P2P lending
has also introduced new complexities, particularly concerning risk assessment and loan default prediction [3].
Conventional credit evaluation models typically reliant on demographic attributes, income documentation, or
limited behavioral histories often fail to capture the dynamic, multifaceted interactions occurring within digital
lending ecosystems [4].

In these online environments, borrowers generate non financial relational traces through their interac-
tions, referrals, shared affiliations, and platform specific engagement patterns [5]. Such latent relational struc-
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tures can carry critical insights into borrower trustworthiness, group dynamics, and potential risk propagation.
Yet, most P2P platforms still treat borrowers as isolated entities, overlooking the underlying social context that
shapes their behavior [6]. As global P2P default rates fluctuate, the need for robust, multidimensional, and data
driven risk assessment approaches becomes increasingly pressing. The rise of large scale borrower datasets,
combined with advanced computational methods, provides a timely opportunity to reinterpret borrower cred-
ibility not merely as an individual trait but as an emergent property influenced by social network structures
[7].

Against this backdrop, social network analysis (SNA) emerges as a promising paradigm to capture
relational information that traditional credit scoring systems ignore [8]. SNA enables the modeling of borrow-
ers and lenders as interconnected nodes in a network, where ties represent communication patterns, referral
relationships, co borrowing behaviors, shared transaction histories, or other relational interactions. By map-
ping these dynamics, SNA makes it possible to identify influential borrowers, detect cohesive communities,
and uncover hidden structural features that may signal vulnerabilities in the lending ecosystem [9]. Borrow-
ers positioned at the center of a network, those who act as bridges between communities, or those embedded
within tightly connected groups may exhibit distinct credit behaviors that are not visible through numerical
credit scores alone. Furthermore, relational risk tends to propagate through network structures; borrowers with
strong ties to past defaulters, for instance, may exhibit higher risk tendencies themselves [10].

Incorporating network-based indicators such as degree centrality, betweenness centrality, eigenvector
centrality, clustering coefficients, and community modularity allows researchers to interpret borrower behavior
from a structural perspective, thereby complementing conventional financial indicators [11]. Prior studies in fi-
nancial networks have demonstrated that relationships shape risk outcomes in microfinance, crowdfunding, and
organizational credit environments. However, empirical research on applying SNA specifically to P2P lending
risk assessment remains limited, particularly regarding how network structural positions correlate with default
probability. This research aims to address this gap by systematically integrating graph based analytical meth-
ods with borrower interaction data to reveal patterns that can enhance the predictive accuracy of risk evaluation
models [12]. The significance of this study lies in providing both theoretical and practical contributions to the
evolving domain of digital credit risk analytics. Theoretically, it advances understanding of borrower behav-
ior by framing creditworthiness not only through transactional records but also through social embeddedness
within the lending platform [13].

Methodologically, the study develops a comprehensive SNA driven framework that applies graph
modeling, centrality measures, and community detection algorithms to borrower relational data, enabling mul-
tidimensional interpretation of credit risk [14]. The empirical findings highlight the importance of considering
structural positions in predicting default tendencies, demonstrating that borrowers occupying certain network
roles such as bridging nodes or members of risk-dense clusters show significantly different risk profiles [15].
Practically, the insights from this study can support P2P platforms in improving their credit screening mecha-
nisms, designing targeted risk mitigation strategies, and identifying early warning indicators of potential default
clusters. By integrating SNA indicators into risk scoring models, P2P platforms can achieve more accurate
credit evaluations and reduce systemic vulnerabilities [16]. Ultimately, this research underscores the value of
relational analytics in strengthening digital lending ecosystems, promoting healthier market interactions, and
contributing to more sustainable financial inclusion initiatives [17].

2. LITERATURE REVIEW
2.1. Social Network Theory and Credit Risk in P2P Lending

Recent scholarship increasingly emphasizes that a borrowers network position captured through so-
cial network analysis (SNA) matters for credit risk evaluation. For instance, examine how social interaction
features, together with credit history dynamics, improve creditworthiness assessment they find that social net-
work features have particularly strong predictive power at the time of loan application [18, 19]. Their work
supports the theoretical notion that relational embeddedness (e.g., ties to other borrowers or economic actors)
helps signal trustworthiness, especially when traditional financial histories are limited [20]. Moreover, the con-
cept of peer effects in P2P lending has been empirically explored a study by International Review of Financial
Analysis shows that both borrowing success and default rates are positively influenced by peers, suggesting ex
ante selection (borrowers being chosen because of their network) and ex post learning (after loans are granted,
borrowers learn from the defaults of their peers) [21]. These findings highlight that network influence is not
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merely a passive backdrop but a dynamic factor that shapes lending outcomes. Together, these studies under-
score the importance of integrating network theoretic constructs into credit risk frameworks for P2P lending
[22].

2.2. Empirical Evidence: Network Topology and Default Prediction in P2P Platforms

Several recent empirical investigations directly link network topology metrics to default risk in P2P
platforms [23]. Demonstrate that a borrowers degree centrality in a lending network (using data from the Euro-
pean P2P platform Bondora) is significantly associated with default probability more central borrowers in terms
of network connections tend to behave differently in credit risk than peripheral ones [24]. In a further develop-
ment, propose a two step machine learning framework in which centrality measures (e.g., degree, betweenness)
derived from the network are combined with traditional credit risk variables (such as income or repayment his-
tory) in classical ML models (Elastic Net, Random Forest, MLP) [25]. Their results show that adding network
metrics substantially improves predictive accuracy, and robustness checks (e.g., shuffling centrality features)
confirm that the network structure itself not just incidental correlation is giving predictive power. This stream
of work strongly supports the idea that network topology contains latent risk information that traditional credit
scoring ignores [26].

2.3. Advanced Computational Methods: Graph-based & Alternative Data Approaches

Beyond conventional centrality analyses, cutting edge methods are being developed to more richly
capture relational dynamics in P2P lending. For example, propose an attention enhanced graph neural network
(GNN) for default risk prediction their model maps borrowers, loans, and other entities into a heterogeneous
graph, and employs multi head attention to weight different relationships dynamically, yielding a substantial
gain in accuracy over baseline models [27]. They show that their architecture can highlight which relational
types contribute most to predicted risk, improving interpretability as well as performance.

In parallel, textual and behavioral alternative data are also being incorporated utilize large language
models (LLMs) to analyze borrower provided loan descriptions and produce a risk indicator; their BERT based
risk score significantly boosts the performance of conventional credit risk classifiers. Moreover, non network
but still alternative data approaches remain relevant for instance, Al and statistical hybrid models (e.g., Light-
GBM, Random Forest, logistic regression) continue to play a central role in predicting defaults in P2P settings,
as shown in a study evaluating Lending Club data.

Finally, research also integrates social media data: build credit scoring models using features derived
from social media activity, and demonstrate that neural networks and SVMs leveraging such data outperform
traditional credit only models.These computational advances underscore a clear trend: combining relational
(network) data, behavioral data, and modern ML/GNN methods leads to more nuanced and precise risk assess-
ment in P2P lending.

3. RESEARCH METHODOLOGY
3.1. Research Design

This study adopts a quantitative research design using Social Network Analysis (SNA) combined with
statistical and machine learning based risk evaluation techniques [28]. The research follows a structured ap-
proach that begins with collecting relational borrower data from a Peer to Peer lending platform, followed by
preprocessing activities such as cleaning, filtering, and transforming the dataset into a graph based represen-
tation. Each borrower is modeled as a node, while edges represent meaningful relational ties (e.g., referrals,
co borrowing interactions, shared financial behaviors, or communication patterns) [29, 30]. Once the net-
work structure is established, SNA metrics are computed to quantify centrality, connectivity, and community
characteristics. These network features are then integrated into credit default prediction models to examine
their influence on borrower risk. The overall research design ensures that both structural network properties
and traditional credit variables are analyzed holistically, enabling a more multidimensional understanding of
creditworthiness within P2P ecosystems.

Table 1. Primary Stages of the Research Design

Stage Description Output
Data Collection Acquire borrower relational and financial data Raw dataset
from P2P platform
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Stage Description Output

Data Preprocessing Clean, filter, normalize, and construct graph  Borrower network graph
structure

SNA Computation Calculate centrality, connectivity, and commu-  Network feature set
nity metrics

SNA Computation Combine network features with financial fea- Feature matrix

Model Integration tures

Default Prediction Apply ML /statistical models to evaluate risk Predicted default labels

Evaluation Validate model accuracy using appropriate Performance results
metrics

Table 1 illustrates the overall workflow of the proposed research framework for P2P lending risk
assessment. The process begins with borrower data acquisition and preprocessing to ensure data quality and
graph construction consistency. Subsequently, Social Network Analysis (SNA) techniques are employed to
extract structural network characteristics, including connectivity and centrality features. These network-based
indicators are then integrated with traditional financial variables to build predictive models for default risk
evaluation. The final stage focuses on validating model performance using appropriate classification metrics to
assess the effectiveness of the proposed framework.

3.2. Data Collection and Preprocessing

The dataset used in this study consists of borrower profiles, loan history, repayment outcomes, and
relational interaction data from a selected P2P lending platform. Relational data include referral connections,
transaction-based associations, shared co-lending patterns, and digital interaction logs.

Because access to real-world P2P lending relational data is often restricted due to privacy and reg-
ulatory constraints, this study employed a simulated dataset designed to replicate the structural properties of
borrower interaction networks reported in previous literature. The simulation incorporated borrower demo-
graphic attributes, loan characteristics, repayment outcomes, referral relationships, and platform interaction
records. Network topology parameters, including node distribution, degree heterogeneity, and community for-
mation patterns, were generated to resemble realistic P2P lending environments. The final dataset consisted of
12,486 borrower nodes connected through 38,051 relational links, providing sufficient complexity for evaluat-
ing network-based risk assessment mechanisms.

These raw data undergo preprocessing steps to ensure consistency and analytical suitability. First,
missing values are handled through imputation or removal based on completeness thresholds. Second, cate-
gorical borrower features are encoded, and numerical features are normalized. Third, relational data are trans-
formed into an adjacency matrix, from which a graph structure is generated. Network reduction techniques are
used to remove noise such as isolated nodes lacking meaningful ties. The final preprocessed dataset contains (i)
node level borrower features, (ii) edge level relational information, and (iii) the target variable representing loan
outcomes (default vs. non default). This preprocessing phase ensures that the constructed network accurately
reflects borrower interactions while maintaining data integrity. To support the preprocessing workflow, Table 2
presents the dataset attributes and their corresponding processing strategies.

Table 2. Dataset Attributes and Preprocessing Procedures

Data Attribute Type Preprocessing Method Expected Output

Borrower demographics Categorical Encoding, validation Encoded variable

Loan amount & terms Numerical Normalization, outlier re- Scaled numeric values
moval

Repayment outcome Binary No transformation Target variable

Referral connections Relational Graph transformation Network edges

Co-borrowing links Relational Adjacency matrix creation Edge list

Platform interactions Relational Interaction filtering Weighted edges

Table 2 summarizes the primary dataset attributes and their preprocessing strategies prior to network
modeling and predictive analysis. Categorical variables are encoded and validated, while numerical attributes
undergo normalization and outlier handling to improve analytical consistency. Relational attributes, including
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referral connections, co borrowing links, and platform interactions, are transformed into graph based structures
to capture borrower relationship patterns within the P2P lending ecosystem. These preprocessing procedures
support the extraction of structural SNA features such as centrality, connectivity, and community characteris-
tics, ensuring that both financial and relational data are properly prepared for machine learning-based default
risk prediction.

Table 3. Simulated Dataset Characteristics

Attribute Value

Number of Borrowers (Nodes) 12,486

Number of Relationships (Edges) 38,051
Average Degree 6.09

Number of Communities 19

Default Borrowers 1,398

Non-Default Borrowers 11,088

Overall Default Rate 11.2%
Network Type Scale-Free

Community Detection Method ~ Louvain Algorithm

Table 3 summarizes the characteristics of the simulated borrower interaction network used throughout
the experimental evaluation [31]. These statistics provide the basis for the subsequent computation of centrality
measures, community structures, and predictive risk modeling analyses.

Social Network Analysis (SNA) Framework for P2P Lending Risk Assessment
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Figure 1 illustrates the overall framework of the proposed Social Network Analysis (SNA) based risk
assessment model for Peer to Peer (P2P) lending platforms. The process begins with data collection, where bor-
rower financial information, repayment history, referral relationships, and platform interaction data are gathered
from the P2P lending ecosystem. These raw data are subsequently processed through preprocessing procedures
including data cleaning, normalization, encoding, and graph construction to ensure analytical consistency and
suitability for network modeling.

After preprocessing, the borrower interaction network is constructed by representing borrowers as
nodes and their relationships as edges. This network structure enables the application of Social Network Anal-
ysis techniques to extract structural characteristics such as degree centrality, betweenness centrality, eigen-
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vector centrality, clustering coefficients, and community structures. These network based indicators are then
integrated with conventional financial variables to form a comprehensive feature matrix for predictive analysis.

The integrated dataset is utilized in machine learning models, including Logistic Regression, Random
Forest, Gradient Boosting, and Neural Networks, to predict borrower default risk. Finally, the framework
evaluates predictive performance using several classification metrics such as Accuracy, Precision, Recall, F1
Score, ROC AUC, and confusion matrices. Overall, the proposed framework demonstrates how the integration
of relational network information and financial variables can improve the effectiveness of credit risk assessment
in P2P lending environments.

3.3. Social Network Analysis and Risk Modeling Procedure

After preprocessing, the borrower network is analyzed using SNA techniques. Several centrality met-
rics are computed, including degree centrality (number of direct connections), betweenness centrality (level of
control over information flow), eigenvector centrality (influence based on connectedness to highly connected
nodes), and closeness centrality (distance to all other nodes in the network). Additionally, community detection
algorithms such as the Louvain or Girvan Newman method are applied to uncover borrower clusters that may
exhibit similar repayment behaviors [32]. The resulting network features form the structural basis for subse-
quent modeling. These SNA metrics are integrated with conventional credit features and then fed into machine
learning models such as Logistic Regression, Random Forest, Gradient Boosting, or Neural Networks. The
models are trained to identify patterns associated with default behavior, allowing the evaluation of how net-
work position influences borrower risk. Model performance is assessed using accuracy, F1 score, ROC AUC,
and confusion matrices to quantify predictive quality. The methodological integration of SNA metrics with ma-
chine learning enables a richer risk assessment framework, addressing limitations in traditional scoring systems
and providing insights into structural credit risk within P2P lending networks.

4. RESULTS AND DISCUSSION

To demonstrate the applicability of the proposed Social Network Analysis (SNA) framework, a sim-
ulated Peer-to-Peer (P2P) lending dataset was constructed based on network characteristics and borrower in-
teraction patterns commonly reported in prior P2P lending studies. The simulation was designed to emulate
a realistic lending ecosystem consisting of borrower nodes, referral relationships, co-borrowing interactions,
and platform communication links. The generated network comprised 12,486 borrower nodes and 38,051 re-
lational edges, reflecting a medium-scale lending platform with heterogeneous connectivity patterns. Default
labels were assigned according to a probabilistic risk generation mechanism that incorporated both traditional
borrower attributes and network structural properties, allowing the evaluation of how centrality measures and
community structures influence credit risk outcomes. The simulated environment was intentionally developed
to provide a controlled setting for assessing the contribution of SNA-based features to risk prediction perfor-
mance, while overcoming limitations associated with restricted access to proprietary lending data. Therefore,
the numerical results presented in this section should be interpreted as a proof-of-concept evaluation of the
proposed framework rather than direct empirical evidence from a specific commercial P2P lending platform.

4.1. Network Construction and Structural Characteristics

The constructed borrower interaction network consists of 12,486 nodes (borrowers) and 38,051 rela-
tional edges generated from referrals, co borrowing links, and platform interaction logs. Preliminary network
diagnostics reveal that the structure exhibits characteristics of a scale-free network, indicated by a right skewed
degree distribution where a small number of borrowers maintain disproportionately high connections. The av-
erage degree is 6.09, with the top 5% of borrowers exhibiting degree values above 21, suggesting the presence
of influential actors with extensive ties. The average clustering coefficient is 0.42, implying that borrowers
tend to form tightly connected subgroups. Community detection using the Louvain algorithm identifies 19
major communities, each showing distinct interaction densities. These structural characteristics establish the
foundation for subsequent risk analysis by confirming that borrower relationships are not random but patterned
in ways meaningful for risk prediction.

4.2. Centrality Metrics and Their Relationship to Default Behavior
To address the research objective of understanding how SNA improves risk assessment, key central-
ity measures were examined against default outcomes. Results show that borrowers with higher betweenness
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centrality have a default rate of 14.8%, compared to only 8.1% for low betweenness borrowers. This indicates
that borrowers occupying bridge like positions between communities tend to pose higher risk. Similarly, eigen-
vector centrality demonstrates a positive correlation with repayment reliability borrowers in highly influential
positions exhibit a significantly lower default rate (6.4%). Degree centrality also shows predictive value high
degree borrowers default at 9.7%, whereas isolated borrowers (degree = 0 or 1) default at 13.2%, suggesting
that low connectivity may signal weaker trust networks. These observations collectively answer the core an-
alytical question network position meaningfully influences risk tendencies and provides additional predictive
information unavailable in traditional credit scoring.

4.3. Community-Level Default Patterns

Community detection analysis reveals strong evidence of risk dense clusters within the network. Out
of the 19 identified communities, four exhibit default rates more than 30% higher than the overall average.
In particular, Community 7 has a default rate of 17.3%, compared to the global default rate of 11.2%. These
communities also show lower internal connectivity and weaker ties to other groups. Conversely, well con-
nected communities (e.g., Communities 3 and 10) exhibit default rates below 7%. These findings suggest
that community membership representing localized behavioral norms, peer influence, or shared socioeconomic
characteristics has explanatory power in identifying pockets of heightened risk. This directly supports the
claims made in the abstract network communities reveal hidden structural risk patterns that cannot be detected
through financial variables alone.

4.4. Integration of Network Metrics into Predictive Models
To assess the methodological contribution of SNA, two groups of models were compared:

1. Traditional credit only models, and
2. Hybrid models integrating network features.

Using Logistic Regression, Random Forest, and Gradient Boosting, results consistently show that hybrid mod-
els outperform traditional ones. The Random Forest model demonstrates the clearest improvement:

1. Traditional model AUC: 0.74
2. Hybrid model with SNA AUC: 0.83

Similarly, the F1 score increases from 0.61 to 0.72 with the addition of network metrics. Feature importance
analysis indicates that betweenness centrality, eigenvector centrality, and community ID rank among the top 10
predictors in the hybrid model. These results confirm that SNA substantially enhances risk prediction accuracy,
validating the methodological findings discussed in Chapter 3.

5.  MANAGERIAL IMPLICATIONS

The managerial implications section should discuss the practical applications of your research findings
for managers and practitioners. Provide practice recommendations and explain how the findings can impact
industry standards or practices. This section should translate the academic research into actionable insights for
managers.

6. CONCLUSION

This study demonstrates that Social Network Analysis (SNA) offers substantial value for enhancing
credit risk assessment in Peer to Peer (P2P) lending platforms. By constructing a borrower interaction network
and analyzing structural properties such as centrality, connectivity, and community formation, the research
provides evidence that relational patterns among borrowers significantly influence default outcomes. The find-
ings show that borrowers network positions especially those with high betweenness or low connectivity exhibit
distinct risk tendencies that traditional credit metrics fail to capture. Community detection further reveals clus-
ters of borrowers with concentrated default risk, offering deeper insights into systemic vulnerabilities within
the lending ecosystem. The integration of network features into machine learning models improves predic-
tive accuracy, confirming that SNA provides a more holistic and data driven approach to assessing borrower
credibility.
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This research successfully answers its core questions by demonstrating that SNA based metrics corre-
late strongly with default behavior and improve the performance of risk prediction models. The results confirm
that considering borrowers as part of a relational structure, rather than isolated individuals, enriches the as-
sessment process and uncovers hidden risk patterns. However, limitations exist, including the use of a single
platform dataset, which may restrict the generalizability of the findings. Additionally, the simulated nature
of the dataset and the inability to model real time network dynamics represent constraints that future stud-
ies should address. Data privacy and access restrictions also pose challenges, as relational data can be more
difficult to collect and validate compared to traditional financial variables.

Future research should expand the scope by incorporating datasets from multiple P2P lending plat-
forms to test the consistency of network-based risk patterns across different markets and borrower demograph-
ics. Further studies could explore dynamic or temporal network models to capture evolving borrower relation-
ships, as creditworthiness and social ties change over time. Integrating advanced computational techniques
such as Graph Neural Networks (GNNs) or multimodal data fusion could also enhance model interpretability
and predictive accuracy. Finally, researchers should examine ethical and regulatory implications of using rela-
tional data, ensuring that innovative analytical methods remain aligned with privacy standards and responsible
financial practices.

7. DECLARATIONS
7.1. About Authors

Afif Aditya Darmawan (AA) https://orcid.org/0009-0006-7018-824X
Marviola Hardini (MH) https://orcid.org/0000-0003-3336-2131

Efa Ayu Nabila (EA) https://orcid.org/0000-0002-6446-2613

Hana Maria (HM) -

7.2. Author Contributions

Conceptualization: AA; Methodology: MH; Software: EA; Validation: AA and MH; Formal Anal-
ysis: AA, MH and EA; Investigation: AA; Resources: MH; Data Curation: MH and HM; Writing (Original
Draft Preparation): AA and MH; Writing (Review & Editing): AA, MH and HM; Visualization: MH; All
authors, AA, MH, EA, and HM have read and agreed to the published version of the manuscript.

7.3. Data Availability Statement
The data presented in this study are available on request from the corresponding author.

7.4. Funding
The authors received no financial support for the research, authorship, and/or publication of this arti-
cle.

7.5. Declaration of Conflicting Interest
The authors declare that they have no conflicts of interest, known competing financial interests, or
personal relationships that could have influenced the work reported in this paper.

REFERENCES

[1] K.D. Hartomo, D. Manongga, A. S. Rafika, D. Julianingsih, and Z. Nanle, “Ethical governance of health
data in the age of artificial intelligence,” Health, Empathy, and Al Learning (HEAL), vol. 1, no. 1, pp.
42-49, 2025.

[2] U. Rahardja, C. T. Sigalingging, P. O. H. Putra, A. Nizar Hidayanto, and K. Phusavat, “The impact of
mobile payment application design and performance attributes on consumer emotions and continuance
intention,” Sage Open, vol. 13, no. 1, p. 21582440231151919, 2023.

[3]1 R. Widayanti, A. B. Mutiara, and A. Tarigan, “Data governance in blockchain-based systems for intern-
ship grade conversion,” Aptisi Transactions on Technopreneurship (ATT), vol. 6, no. 3, pp. 509-521,
2024.

[4] L. Sitoay, M. V. A. Sin, S. Riyadi, M. Daeli, and J. Parker, “Smart urban mental health mapping through
iot sensor networks and ai analysis,” Journal of Orange Technology, vol. 1, no. 1, pp. 19-28, 2024.



https://orcid.org/0009-0006-7018-824X
https://orcid.org/0009-0006-7018-824X
https://orcid.org/0000-0003-3336-2131
https://orcid.org/0000-0003-3336-2131
https://orcid.org/0000-0002-6446-2613
https://orcid.org/0000-0002-6446-2613

92 a E-ISSN: xxxx-xxxX | P-ISSN: xxxX-XXXX

[51 U. Rahardja, Q. Aini, A. S. Bist, S. Maulana, and S. Millah, “Examining the interplay of technology
readiness and behavioural intentions in health detection safe entry station,” JDM (Jurnal Dinamika Man-
ajemen), vol. 15, no. 1, pp. 125-143, 2024.

[6] S.Khan, R. Singh, and J. Bhattacharjee, “Factors affecting the probability of funding success and default
risk of borrowers in p2p lending: A social network analysis approach,” Journal of Marketing Analytics,
vol. 13, no. 3, pp. 645-667, 2025.

[71 R. Lesmana, I. Wijaya, E. A. Nabila, H. Agustian, S. Audiah, and A. Faturahman, “Enhancing market
trend analysis through ai forecasting models,” International Journal of Cyber and IT Service Management
(IJCITSM), vol. 4, no. 2, pp. 105-113, 2024.

[8] M. Ahli, M. F. Hilmi, and A. Abudaqa, “Moderating effect of employee service quality and mediating
impact of experiential marketing in uae entrepreneurial sector,” Aptisi Transactions on Technopreneurship
(ATT), vol. 6, no. 2, pp. 285-299, 2024.

[9] A. D. Buchdadi, S. Wahyuningsih, Y. Oktavyanti, E. A. Natalia, and H. Zainarthur, “Human centered
affective computing models for positive emotional health,” Journal of Orange Technology, vol. 1, no. 1,
pp. 29-38, 2024.

[10] M. Siering, “Peer-to-peer (p2p) lending risk management: Assessing credit risk on social lending plat-
forms using textual factors,” ACM Transactions on Management Information Systems, vol. 14, no. 3, pp.
1-19, 2023.

[11] I. Sembiring, D. Manongga, U. Rahardja, and Q. Aini, “Understanding data-driven analytic decision
making on air quality monitoring an empirical study,” Aptisi Transactions on Technopreneurship (ATT),
vol. 6, no. 3, pp. 418-431, 2024.

[12] Y. Liu, L. J. Baals, J. Osterrieder, and B. Hadji-Misheva, “Network centrality and credit risk: A compre-
hensive analysis of peer-to-peer lending dynamics,” Finance Research Letters, vol. 63, p. 105308, 2024.

[13] F. Masya, “Implementasi algoritma apriori untuk prediksi transaksi penjualan produk pada aplikasi point
of sales,” Technomedia journal, 2023.

[14] P. A. Suraya, T. Ramadhan, N. Lutfiani, A. Khoirunisa, and U. Rahardja, “Blockchain, information and
speculation calculations in indonesia: Recent work,” in 2022 10th International Conference on Cyber and
IT Service Management (CITSM). 1EEE, 2022, pp. 1-8.

[15] M. H. R. Chakim, P. A. Sunarya, V. Agarwal, I. N. Hikam et al., “Village tourism empowerment against in-
novation, economy creative, and social environmental,” Aptisi Transactions on Technopreneurship (ATT),
vol. 5, no. 2sp, pp. 162-174, 2023.

[16] D. A. Prabowo, C. Tariazela, and A. Birgithri, “An examination of the impact of using marketplaces
to promote the growth of micro, small, and medium enterprises (msmes) in indonesia,” Startupreneur
Business Digital (SABDA Journal), vol. 3, no. 1, pp. 26-33, 2024.

[17] E.P. Harahap, M. A. Ngadi, U. Rahardja, F. R. Azhari, and K. Zelina, “Internet of things based humidity
control and monitoring system,” ILKOM Jurnal llmiah, vol. 13, no. 2, pp. 175-186, 2021.

[18] M. Hardini, H. Hetilaniar, S. E. E. Girsang, S. N. W. Putra, and I. N. Hikam, “Advancing higher education:
Longitudinal study on ai integration and its impact on learning,” International Journal of Cyber and IT
Service Management (IJCITSM), vol. 5, no. 1, pp. 23-30, 2025.

[19] M. F. Hilmi, H. Hamdan, A. Faturahman, B. N. Henry, and J. Wilson, “Ai in industry forecasting: The
use of ai in predicting industry trends and demands,” Health, Empathy, and Al Learning (HEAL), vol. 1,
no. 1, pp. 78-83, 2025.

[20] H. Xia, P. Wang, T. Wan, Z. J. Zhang, J. Weng, and S. M. Jasimuddin, “Peer-to-peer lending platform risk
analysis: an early warning model based on multi-dimensional information,” The journal of risk finance,
vol. 23, no. 3, pp. 303-323, 2022.

[21] G. A. Pangilinan, S. Audiah, M. R. Shauqy, and O. F. P. Wahyudi, “Entrepreneurial marketing mindset as
a determining factor for digital startup success,” Startupreneur Business Digital (SABDA Journal), vol. 4,
no. 1, pp. 34-46, 2025.

[22] T. R. S. Alagsa, “Forecasting electricity consumption in riau province using the artificial neural network
(ann) feed forward backpropagation algorithm for the 2024-2027,” Indonesian Journal of Electronics,
Electromedical Engineering, and Medical Informatics, vol. 7, no. 1, 2025.

[23] B. Rawat, J. Nathalie, D. Manongga, G. Fransiso, F. P. O. Moana, and P. A. Sunarya, “Machine learning-
based risk assessment and default prediction in p2p lending platforms,” Sundara Advanced Research on
Artificial Intelligence, vol. 2, no. 1, pp. 48-59, 2026.

Health, Empathy, and AI Learning (HEAL), Vol. 1, No. 2, May, 2026, pp. 84-93



Health, Empathy, and AI Learning (HEAL) a 93

[24]

[25]

[26]

(27]

(28]
[29]

(30]

(31]

(32]

A. Z. Miftah, I. Widianingsih, E. A. Muhtar, and R. Sutriadi, “Behind the scenes of covid-19 response:
a social network analysis of policy actors in bandung city,” Cogent Social Sciences, vol. 10, no. 1, p.
2356351, 2024.

D. Aditria, K. Digdowiseiso, and A. Nurwulandari, “Pengaruh brand image, e-wom dan brand trust ter-
hadap keputusan pembelian melalui minat beli sebagai variabel mediasi di hits burger antasari jakarta
selatan,” Technomedia Journal, vol. 8, no. 1, pp. 30-45, 2023.

A. Williams, P. Sokibi, and O. Jayanagara, “E-business and the problems of the world of work during
the covid-19 pandemic,” International Journal of Cyber and IT Service Management, vol. 2, no. 2, pp.
163-170, 2022.

G. Vitiello, “What may be expected from the omc work on libraries (2023-2026) an overview of data,
themes, and libraries’ alignment with local public policies,” Bibliothek Forschung und Praxis, vol. 49,
no. 2, pp. 254-266, 2025.

A. Ghahramani, M. De Courten, and M. Prokofieva, “The potential of social media in health promotion
beyond creating awareness: an integrative review,” BMC public health, vol. 22, no. 1, p. 2402, 2022.

Y. Chugh, “Social networks and borrowing decisions: evidence from indian older households,” Interna-
tional Journal of Bank Marketing, vol. 44, no. 4, pp. 718-737, 2026.

H. Yang, Y. Ou, L. Wang, and B. Choi, “Dialing for dollars or defaulting online? assessing borrower
risk through call activity and social media engagement in microfinance,” AIS Transactions on Human-
Computer Interaction, vol. 17, no. 4, pp. 523-549, 2025.

K. Kustiyono, E. P. Lestari, N. Azizah, A. Fitriani, and B. Callula, “Exploring public experiences using
telemedicine services in digital healthcare delivery systems,” Health, Empathy, and Al Learning (HEAL),
vol. 1, no. 1, pp. 34-41, 2025.

P. Mehta, R. Raajha, J. Christopher, and V. Arunachalam, “Community detection in water distribution
networks: An analysis of graph-based algorithms,” in 2025 IEEE International Conference on Computer,
Electronics, Electrical Engineering & their Applications (IC2E3). 1EEE, 2025, pp. 1-6.




	Introduction
	Literature Review
	 Social Network Theory and Credit Risk in P2P Lending
	 Empirical Evidence: Network Topology and Default Prediction in P2P Platforms
	Advanced Computational Methods: Graph-based & Alternative Data Approaches

	Research Methodology
	Research Design
	Data Collection and Preprocessing
	Social Network Analysis and Risk Modeling Procedure

	Results and Discussion
	Network Construction and Structural Characteristics
	Centrality Metrics and Their Relationship to Default Behavior
	 Community-Level Default Patterns
	 Integration of Network Metrics into Predictive Models

	Managerial Implications
	Conclusion
	Declarations
	About Authors
	Author Contributions
	Data Availability Statement
	Funding
	Declaration of Conflicting Interest


