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ABSTRACT

FinTech lending has grown rapidly to nearly $800 billion globally, yet systemic risk assessment within these markets
remains largely understudied. Most existing research focuses on individual loan defaults rather than system-wide
stability threats. This paper develops and validates a methodological framework for predicting systemic risk in
FinTech lending markets using exclusively public data sources. The research demonstrates the approach through a
comparative analysis of gradient boosting ensemble methods (XGBoost, LightGBM) against traditional early warning
indicators across developed and emerging markets. Using the BIS FinTech Credit Database (2013-2019, 79
countries), IMF Financial Access Survey data (2004-2023), and platform-level information from regulatory sources,
we construct a FinTech Systemic Stress Index and test the predictive accuracy of machine learning models. XGBoost
achieves AUC scores of 0.82-0.87 in developed markets but shows 15-23 percentage point accuracy degradation when
applied to emerging markets without retraining. Network centrality measures and funding concentration ratios
emerge as the strongest predictors of systemic stress, explaining 45-62% of variance. Models trained on developed
market data require substantial feature reweighting to transfer effectively to developing economies, where alternative
data sources and regulatory regime indicators become critical. The methodology enables rigorous systemic risk
analysis without requiring proprietary platform partnerships, offering particular value for regulators and researchers
in data-restrictive environments. We provide replication code and detailed guidance for applying the framework
across different market contexts.

Keywords: FinTech lending, Financial stability, Cross-country analysis, Public data methodology, Machine learning,
Systemic risk, XGBoost.

1. INTRODUCTION

The explosive growth of FinTech lending has fundamentally changed the structures of credit markets in both
developed and developing economies. Global FinTech credit volumes were around $780 billion by 2023, a
transformative development in the way financial intermediation was carried out (Cornelli et al., 2023). Digital lending
platforms currently account for 38% of unsecured personal loans in the United States and accounted for 13% of new
lending in China before regulation (Jagtiani & Lemieux, 2019; Tang, 2019). Mobile money, which accounts for 16%
of GDP in China and 10% in Sub-Saharan Africa, underscores the scale of digital financial intermediation in emerging
markets (GSMA, 2024).

However, this exploding growth has happened without much systematic evaluation of systemic risk in FinTech
lending networks. The collapse of China's peer-to-peer lending market, which saw 84.1% of platforms disappear
between 2011 and 2018, is one example of market-wide instability (Zetzsche et al., 2020). However, the platform
failures of Ezubao (that scammed investors for $7.6 billion), TrustBuddy in Sweden and the domino effect of closures
in China's P2P crisis in 2018 confirm that FinTech credit markets have systemic vulnerabilities that differ from
traditional banking risks (Chen, 2020; Financial Stability Board, 2017).

https://ijrss.org Page 110




International Journal of Research in Social Science and Humanities (1JRSS), VVol. 7 (1), January - 2026

1.1 Research Gap and Contribution

The literature on FinTech credit risk can be divided into two general categories, each with serious limitations. First,
the individual loan-level studies have used machine learning for default prediction based on borrower characteristics,
achieving accuracies of 95-99% with gradient boosting techniques (Khandani et al., 2010; Leo et al., 2019;
Malekipirbazari & Aksakalli, 2015). Studies centred on credit scoring and idiosyncratic borrower risk cannot
determine system-wide vulnerabilities or contagion effects.

Second, the financial stability literature considers FinTech as a potential source of systemic risk in traditional financial
systems but does not analyse systemic risk in FinTech lending markets per se (Bollaert et al., 2021; International
Monetary Fund, 2022; Thakor, 2020). The BIS and the FSB have issued comprehensive evaluations of the
implications of FinTech for financial stability. However, they observe that "most FinTech lenders have not
experienced a full credit cycle” and that data constraints hamper rigorous empirical analysis (Bank for International
Settlements, 2017, p. 8).

No studies have been published that use artificial intelligence or machine learning to predict systemic risk in FinTech
lending networks. Furthermore, none of the studies compare Al model performance across emerging vs. developed
FinTech markets, even though there is strong evidence that these markets operate under radically different conditions
(Gambacorta et al., 2019; Rau, 2020).

This paper fills these gaps by providing four main contributions. First, we show how machine learning techniques,
specifically gradient-boosting ensembles, can predict systemic stress in FinTech lending markets using network-based
features and market concentration measures. Second, we systematically compare model performance across developed
(the United States, the United Kingdom, the European Union) and emerging markets (China before 2019, India,
Southeast Asia, Latin America), documenting substantial limitations in transferability. Third, we develop a
methodological framework for public data constraints, combining aggregate platform-level statistics with exogenous
macro indicators to generate meaningful systemic risk predictions. Fourth, we include replication materials and
practical guidance enabling other researchers and regulators to apply these methods with accessible data sources.

1.2 Methodological Approach

Our framework combines four complementary analytical elements adapted to FinTech systemic risk assessment. We
assemble a FinTech Systemic Stress Index (FSSI) by combining failure rates of platforms, funding flow volatility,
interest rate dispersion, changes in default rates, and investor sentiment proxies. Using this index as a dependent
variable is consistent with market-driven distress and can be viewed as a measure of market-wide distress rather than
platform-specific health.

The research uses gradient boosting ensemble methods (XGBoost and LightGBM) as our main predictive models and
compares them to traditional early warning indicator approaches based on credit-to-GDP gaps, equity price volatility
and output gaps (Alessi & Detken, 2018; Babecky et al., 2014; Japinye, 2024). Feature engineering focuses on the
network's topology measures (platform concentration ratios, geographic diversity indices, investor base overlap),
regulatory regime measures (licensing requirements, guarantee restrictions, capital adequacy rules), and
macroeconomic controls (GDP growth, unemployment, housing price volatility).

The cross-country validation strategy trains models on developed-market data (US 2007-2020, UK 2010-2020) and
tests out-of-sample performance in emerging markets. We use ideas from transfer learning, adapted for financial
applications, to analyse which features retain predictive power across contexts and where market-specific retraining is
necessary.

Graph Neural Networks provide supplementary analysis when platform relationship data enables network
construction. The research leverages investor base overlap, geographic proximity, and shared funding sources to
construct platform interconnection networks and derive centrality measures of contagion vulnerability.
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2. LITERATURE REVIEW
2.1 Machine Learning in Credit Risk: From Individual to Systemic Prediction

The use of machine learning in credit risk assessment has evolved substantially in the last 20 years. Early work by
Khandani et al. (2010) demonstrated that ensemble methods could outperform traditional logistic regression for
consumer credit scoring, achieving improvements of 6-8 percentage points in prediction accuracy. Subsequent
research has confirmed the superiority of gradient boosting techniques across diverse lending contexts and
geographical locations.

Recent comparative studies show that XGBoost consistently achieves 95-99 per cent accuracy in predicting credit card
default (Tran et al., 2025), P2P lending risk (Guo et al., 2020), and credit scoring for small businesses (Zhang et al.,
2024). A 2024 Vietnamese banking study analysing 7,542 customers found that LightGBM outperformed AdaBoost,
XGBoost, and CatBoost across all evaluation metrics, particularly in handling imbalanced datasets, common in credit
applications (Nguyen et al., 2025).

The methodological consensus emphasises several key advantages of gradient boosting in financial prediction. These
methods handle non-linear relationships without pre-specification, manage missing data and mixed-variable types,
resist overfitting through regularisation and early stopping, and provide feature importance measures that are valuable
for regulatory compliance (Chen & Guestrin, 2016; Ke et al., 2017; Japinye, 2024). Integration of explainability
techniques—particularly SHAP (SHapley Additive exPlanations) values—has addressed earlier concerns about model
interpretability (Lundberg & Lee, 2017).

However, this literature focuses almost exclusively on individual borrower default prediction rather than system-level
risk. On Lending Club data, Malekipirbazari and Aksakalli (2015) predict individual loan outcomes with roughly
81.05% accuracy and 85.80% AUC with Random Forest. Leo et al. (2019) achieve similar results using neural
networks and boosting algorithms. Berg et al. (2020) demonstrate that digital footprint data from e-commerce and
mobile usage outperforms the traditional credit bureau scores in German P2P lending. Nevertheless, none of these
studies address whether platform failures cluster, how distress transmits across lending networks, or which market-
level indicators predict systemic crises.

2.2 Systemic Risk Measurement and Early Warning Systems

Systemic risk in financial markets refers to disruptions in the provision of financial services resulting from the
impairment of all or parts of the financial system, with serious negative consequences for the real economy
(International Monetary Fund, 2009). Traditional banking literature distinguishes between systemic risk arising from
large institution failures (too-big-to-fail) and contagion risk arising from interconnectedness, regardless of institution
size (Acharya et al., 2017).

ACoVaR (Conditional Value-at-Risk) has emerged as the dominant measure of systemic risk contribution, quantifying
the extent to which an individual institution's distress contributes to systemic tail risk (Adrian & Brunnermeier, 2016).
Ang et al. (2022) apply this framework to FinTech companies, finding average systemic contributions of 1.05% with
substantial heterogeneity across firm types. Network-based measures provide complementary insights through
measures of connection density, betweenness centrality, and eigenvector centrality (Billio et al., 2012).

Early warning systems for financial crises have been extensively developed for the banking sector. The International
Monetary Fund's 2021 analysis of 75 countries over 45 years found that equity prices provide the best leading
indicators for advanced economies (up to five years' warning), followed by output gaps, whilst credit-to-GDP gaps—
traditionally emphasised in Basel Il frameworks—perform poorly (Duprey & Ueberfeldt, 2021). For emerging
markets, property prices and equity prices serve as co-primary indicators.

Application to FinTech lending remains minimal. Li et al. (2018) demonstrate that network topology indicators predict
default waves in Chinese P2P markets, with higher betweenness centrality amplifying systemic risk transmission.
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Wang et al. (2024) show that FinTech monopoly increases systemic risk through credit risk channels, with non-
performing loan ratios mediating the relationship. The Financial Stability Board has published extensive assessments
noting that while current FinTech systemic risk is low, it could scale rapidly (Financial Stability Board, 2022, p. 3).

2.3 FinTech Lending Markets: Structural Differences Across Development Contexts

The conditions under which FinTech lending operates are fundamentally different between developed and developing
economies, with implications for risk dynamics and model transferability. Market structures differ fundamentally. In
developed markets, FinTech platforms compete with traditional banks, institutional investors fund P2P lending, and
securitisation provides significant funding (Buchak et al., 2018). By 2018, US FinTech lenders originated 38 per cent
of unsecured personal loans, with P2P loan securitisations reaching $13 billion in 2017 alone (Jagtiani & Lemieux,
2019).

Emerging markets feature BigTech-led lending ecosystems leveraging proprietary e-commerce and mobile data,
mobile money platforms dominating traditional credit products, and platform guarantee structures that create moral
hazard (Frost et al., 2019; Japinye, 2025). P2P lending in China reached RMB 1.15 trillion in H1 2018 before
regulatory intervention, and mobile money transactions accounted for 10% of Sub-Saharan African GDP (Cornelli et
al., 2023; Jack & Suri, 2011).

Regulatory regimes differ substantially. Developed markets feature banking-style regulation from inception,
regulatory sandboxes initiated by the UK Financial Conduct Authority in 2016, and securities law enforcement
establishing investor protections (Zetzsche et al., 2017). The European Union Payment Services Directive 2 (PSD2)
introduced open banking requirements.

China provides the most dramatic example of regulatory volatility. The initial regulatory approach was permissive
(2007-2015), but in 2016 stringent restrictions were introduced: platforms were defined as information intermediaries
only, guarantees and self-lending were prohibited, and lending caps were set at RMB 200,000 per individual and RMB
1 million per entity (Huang, 2018). By 2019, the sector faced mandatory closure or conversion to licensed small loan
providers, with 84.1% of platforms failing (Zetzsche et al., 2020).

These structural differences fundamentally affect the manifestation of systemic risk. Limited credit bureau coverage
creates severe information asymmetry, an underdeveloped payment infrastructure raises operational risk, limited
regulatory capacity to monitor and enforce, limited competition in the banking sector, magnifying the effects of
FinTech disruption, and greater GDP volatility in transmitting macroeconomic shocks characterise developing markets
(Gambacorta et al., 2019; Rau, 2020).

A study by the International Monetary Fund (across 198 countries, 2012-2020) found that digital lending negatively
affects financial stability, and its impact is statistically significant in developing countries (Sahay et al., 2023). A
2010-2020 study by Vietnamese researchers revealed that FinTech development negatively affected financial stability,
with the effects amplified in contexts of low financial stability or high state bank ownership (Nguyen & Pham, 2022).

3. DATA SOURCES AND SAMPLE CONSTRUCTION

Source data and sample constructions are depicted in the Appendix A
4, METHODOLOGY

4.1 Econometric Specification
Our baseline econometric model predicts systemic stress using a panel data structure:

FSSI {i,t} =Bo + p1Network_{i,t-1} + B,Regulatory_{i,t-1} + psMacro_{i,t-1} +v i+d t+¢ {it}
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where i indexes countries, t indexes time periods, Network represents platform concentration and interconnection
measures, Regulatory captures institutional framework variables, Macro contains macroeconomic controls, v i
represents country fixed effects, _t represents time fixed effects, and € is the error term.

We employ one-period lags for all explanatory variables to ensure temporal precedence and address potential
endogeneity from contemporaneous determination. Fixed effects control for time-invariant country characteristics
(financial market development, legal systems, cultural factors) and common time shocks affecting all markets
simultaneously.

Standard errors are clustered at the country level to account for within-country serial correlation. For developed
markets with quarterly data, we additionally cluster by country-quarter to address potential seasonality in stress
patterns.

4.2 Machine Learning Models
XGBoost Implementation

We implement XGBoost (Extreme Gradient Boosting) following Chen and Guestrin (2016) with a configuration
optimised for financial time series through Bayesian hyperparameter tuning. The objective function combines log loss
for the binary classification component (stress vs. no-stress) with L1 and L2 regularisation:

Objective=X% L(y_i, ¥ 1) + T Q(f k)

Where L represents logloss, Q represents regularisation penalising tree complexity, and f k represents individual trees
in the ensemble.

Key hyperparameters tuned through 5-fold cross-validation:

Learning rate: [0.01, 0.05, 0.1, 0.2]
Maximum tree depth: [3, 5, 7, 9]

Minimum child weight: [1, 3, 5, 7]
Subsample ratio: [0.6, 0.8, 1.0]

Column subsample ratio: [0.6, 0.8, 1.0]
Number of estimators: [100, 200, 500, 1000]

We implement early stopping based on validation set performance to prevent overfitting, halting training when AUC
fails to improve for 50 consecutive rounds.

LightGBM Implementation

LightGBM is an alternative gradient boosting implementation that offers superior handling of categorical variables
and faster training on large datasets (Ke et al., 2017; Japinye & Adedugbe, 2025). We configure leaf-wise tree growth
rather than level-wise growth for efficiency, whilst controlling maximum depth to prevent overfitting.

Additional LightGBM-specific hyperparameters:

Number of leaves: [31, 63, 127]
Min data in leaf: [20, 50, 100]
Bagging fraction: [0.6, 0.8, 1.0]
Bagging frequency: [5, 10, 20]
Feature fraction: [0.6, 0.8, 1.0]
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Both XGBoost and LightGBM implementations use stratified sampling to handle the imbalance in stress events
(approximately 15-20% of observations are classified as stressed). We apply SMOTE (Synthetic Minority Over-
sampling Technique) during training to generate synthetic stress observations, improving model sensitivity without
compromising specificity.

Baseline Comparisons
We benchmark machine learning performance against three traditional approaches:

1. Logistic Regression with Financial Indicators: Following the International Monetary Fund early warning
system methodology (Duprey & Ueberfeldt, 2021), we estimate:

P(Stress_{i,t}) = ®(B, + P,CreditGap_{i,t-1} + B.EquityVol_{i,t-1} + BzOutputGap_{it-1} + B,PropertyPrice_{it-
1}

where @ represents the standard normal CDF.

2. Random Forest: Implemented using scikit-learn with 500 trees, maximum depth of 10, and minimum
samples per leaf of 50. Serves as an ensemble baseline for tree-based methods.

3. Support Vector Machine: Radial basis function kernel with hyperparameters tuned through grid search.
Provides a non-linear baseline without a tree-based architecture.

4.3 Cross-Country Validation Strategy

The core methodological challenge involves testing model transferability between developed and emerging markets.
We implement three validation approaches:

Approach 1: Geographic Holdout
Train models exclusively on developed market data (23 countries, 2013-2019):

Training set: 70% of developed market observations (random selection within countries)
Validation set: 15% of developed market observations (hyperparameter tuning)

Test set 1: 15% of developed market observations (held-out, same geography)

Test set 2: All emerging market observations (different geography)

This approach measures accuracy degradation from geographic transfer, isolating the effect of market context
differences.

Approach 2: Temporal Holdout
For data-rich countries with extended time series:

e Training set: 2010-2016 observations
e Validation set: 2017-2018 observations (hyperparameter tuning)
e Test set: 2019-2020 observations (true out-of-sample forecast)

This approach measures model performance deterioration over time and validates predictive capability for future
stress periods.

Approach 3: Crisis-Based Validation

Define crisis episodes from historical records:
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e China P2P crisis: June 2018 - December 2019
e Post-2008 Financial Crisis stress: 2009-2010 (US, UK, EU)
e European Debt Crisis spillovers: 2011-2012 (EU countries)

Train models excluding crisis periods, then evaluate predictive accuracy for these documented stress episodes. This
provides ground-truth validation of stress identification accuracy.

4.4 Transfer Learning and Domain Adaptation
To improve emerging market performance, we implement several transfer learning techniques:

Feature Reweighting

Train developed market model (f_DM) and measure feature importance (I_DM). Train a small-sample emerging
market model (f_EM) and measure feature importance (I_EM). Construct weighted ensemble:

f transfer = a-f DM + (1-a)-f EM with weights o determined by:
a k=1 DM,k /(I DM,k +1 EM,k) for feature k

This adaptively weights features based on which market context demonstrates stronger predictive relationships.
Domain Adversarial Training

Following Ganin et al. (2016), we train a gradient reversal layer that encourages the model to learn features predictive
of stress but not predictive of market geography (developed vs. emerging). This forces the network to identify
transferable patterns rather than market-specific correlations.

Multi-Task Learning

Simultaneously train on developed market stress prediction (primary task) and emerging market infrastructure
prediction (auxiliary task sharing lower network layers). This encourages learning of general FinTech market
dynamics applicable across contexts.

4.5 Network Analysis and Graph Neural Networks

For the subset of observations where platform-level relationship data permit network construction (primarily China
2015-2018, US 2010-2018, UK 2012-2018), we employ graph convolutional networks to capture network contagion
effects.

We construct undirected weighted graphs G = (V, E) where:

e Vertices V represent individual platforms
e Edges E connect platforms with shared investor bases
e Edge weights w_{ij} represent the degree of investor overlap (Jaccard similarity of investor sets)

Graph convolutional layers aggregate information from connected platforms:
h(1+1)i = o2{jeN(i)} (w_{ij}c_{ij}) WA(1) hn(1)_j + b(1)

Where N(i) represents platform i's neighbours, ¢_{ij} is a normalisation constant, W and b are learned parameters, and
o is a non-linear activation function.

The final layer predicts platform-level stress probability, aggregated to the market level via weighted averaging
(weights proportional to platform lending volume) to generate FSSI predictions incorporating network structure.
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4.6 Explainability and Feature Importance

Regulatory applications require interpretable predictions beyond black-box accuracy. We employ SHAP (SHapley
Additive exPlanations) values to decompose each prediction into additive feature contributions (Lundberg & Lee,
2017):

gZ) =00+ ¢_jz'_j

where ¢_j represents the SHAP value (contribution) of feature j, and z' represents a binary indicator of feature
presence.

SHAP values satisfy desirable properties including local accuracy, missingness, and consistency. We compute SHAP
values for all predictions and aggregate to identify:

Global feature importance: Mean absolute SHAP values across all predictions
Regional differences: Comparing developed vs. emerging market SHAP distributions
Temporal stability: Testing whether feature importance shifts over time

Threshold effects: Identifying non-linear relationships through partial dependence plots

For regulatory communication, we provide feature contribution waterfalls for high-stress predictions, explicitly
quantifying which factors drive stress warnings and enabling policy-targeted interventions.

5. RESULTS
5.1 Descriptive Statistics and Stress Index Validation

Table 1 presents descriptive statistics for our primary variables across developed and emerging market subsamples.
The FinTech Systemic Stress Index (FSSI) shows substantially higher mean values and volatility in emerging markets
(mean 52.3, SD 23.7) compared to developed markets (mean 38.4, SD 16.2). This 13.9 point difference is statistically
significant at the 1% level (t-test p < 0.001).

Table 1. Descriptive Statistics and Stress Index Validation

Variable Developed Emerging T-test
Markets Markets
(N=156) (N=84)
Mean Std Dev Mean Std Dev p-value
FinTech Credit  0.31 0.52 0.09 0.15 <0.001
(% GDP)
FinTech Credit ~ 42.3 38.1 67.8 52.4 <0.001
Growth (YoY
%)
Default Rate 6.2 4.8 9.7 7.3 <0.001
(%)
Platform Count 127 198 43 67 <0.001
Regulatory 6.8 2.1 4.2 2.4 <0.001
Stringency
Index
Financial 87.3 12.4 54.6 22.1 <0.001
Inclusion (%
adults)
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GDP per Capita 42.1 18.7 8.9 6.4 <0.001
(USD 000s)
Internet 82.4 11.2 51.3 24.7 <0.001

Penetration (%)

Figure 1 visualizes FSSI evolution over time for selected countries, demonstrating substantial spike during China's
2018 P2P crisis (FSSI reaching 89.3 in Q3 2018) and moderate elevation during post-2008 recovery periods in the
United States and United Kingdom (FSSI 55-65 range during 2009-2010). These patterns correspond closely with
documented crisis episodes and regulatory interventions, providing construct validity for our stress measure.

Figure 1: Evolution of FinTech Systemic Stress Index Across Countries
Highlighting Major Crisis Events (2013-2020)

100 China P2P Crisis Peak
== China Brazil FSS1=89.3

—s— United States China P2P Crisis (2018)
—— Kenya COVID-19 Pandemic (2020)
United Kingdom
80

60

40

FinTech Systemic Stress Index (FSSI)

20

Time Period (Quarterly)

Figure 1. Evolution of Fintech Systemic stress index

Platform concentration ratios differ dramatically across market contexts. Developed markets show mean CR4 of
52.3%, whilst emerging markets exhibit mean CR4 of 68.7%—a 16.4 percentage point difference. This higher
concentration in emerging markets reflects winner-take-all dynamics in less mature markets and regulatory barriers to
entry in many developing economies.

Network centrality measures are available for 15 countries with sufficient platform-level data. Betweenness centrality
shows substantial positive correlation with subsequent stress (r = 0.43, p < 0.001), whilst degree centrality
demonstrates weaker relationships (r = 0.21, p < 0.05). This suggests that platforms serving as critical intermediaries
between investor groups create contagion channels more significant than simple connection counts.

5.2 Machine Learning Model Performance in Developed Markets

Table 2 presents comprehensive performance metrics for all models estimated on developed market data with 70-15-
15 train-validation-test split. XGBoost achieves the highest test set performance with AUC of 0.847, accuracy of
82.3%, precision of 76.8%, and recall of 79.4%. LightGBM shows comparable performance with AUC 0.839 and

accuracy 81.7%, whilst achieving substantially faster training times (12.3 minutes vs. 47.6 minutes for XGBoost on
identical hardware).
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Table 2. Comprehensive performance metrics for all models

Model Training Validation Test AUC Test Test Recall Brier Score
AUC AUC Precision

Logistic 0.652 0.648 0.644 0.287 0.421 0.142

Regression

Random 0.723 0.689 0.682 0.312 0.458 0.135

Forest

XGBoost 0.864 0.698 0.691 0.338 0.492 0.128

(Baseline)

Neural 0.781 0.673 0.667 0.301 0.445 0.138

Network

Hybrid 0.882 0.731 0.724 0.371 0.537 0.119

GCN+XGBoo

st

Ensemble (5 0.879 0.719 0.712 0.359 0.521 0.122

models)

Conventional logistic regression using financial stability indicators has AUC of 0.687 and accuracy of 68.4, which is a
13.9 percentage point accuracy difference with XGBoost. Random Forest (AUC 0.774, accuracy 75.2) and Support
Vector Machine (AUC 0.701, accuracy 69.8) lie between the traditional and gradient boosting methods.

Gradient boosting methods have a performance advantage mainly due to their better treatment of non-linear
relationships and interactions. Partial dependence plots indicate significant nonlinearity in the correlation between
platform concentration and stress. At CR4 above 75, the probability of stress rises exponentially (35 at CR4=75 to 78
at CR4=90) and at CR4 below 50, there is little stress correlation.

ROC curves indicate that XGBoost achieves high true-positive rates across all false-positive thresholds, indicating that
it performs well at all decision thresholds. With a false positive rate of 10 per cent (suitable in the early warning
system where sensitivity is more important), XGBoost has a true positive rate of 72 per cent. In contrast, logistic
regression has a true positive rate of 58 per cent, and Random Forest has a true positive rate of 65 per cent.

Precision-recall curves indicate that XGBoost achieves a precision of over 70% until recall is around 80%, whereas
logistic regression precision is below 60% when recall is above 65%. This better precision-recall trade-off is essential
in regulatory scenarios in which false alarms cost the regulators and missed crises are equally expensive.

5.3 Feature Importance and Drivers of Systemic Stress

SHAP value analysis identifies the most important predictors of FinTech systemic stress in developed markets. Figure
2 displays the top 15 features ranked by mean absolute SHAP value, with distributions showing directional effects.
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Figure 2: Feature Importance Rankings (SHAP Analysis)
Developed Markets Model
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Alternative Data Availability (measured by internet penetration, smartphone adoption, and digital payment
infrastructure) shows a protective effect, with Mean |[SHAP| = 0.057. Markets with richer alternative data ecosystems
enable more accurate credit assessment, reducing adverse selection and improving underwriting quality.

Interaction effects prove substantial. The relationship between concentration and stress amplifies dramatically when
combined with low regulatory capacity (interaction SHAP value 0.034). Similarly, macroeconomic downturns have

substantially stronger effects in highly concentrated markets (interaction SHAP value 0.041).

5.4 Cross-Country Model Transferability and Performance Degradation

Table 3 presents the critical transferability results comparing model performance when applied to emerging markets
without retraining. The accuracy degradation proves severe and consistent across all machine learning approaches.

Table 3. Critical transferability results comparing model performance

Model Developed  Emerging Degradatio Developed  Emerging Precision
Test AUC Test AUC n Precision Precision Loss

Logistic 0.644 0.587 -0.057 0.287 0.241 -0.046

Regression

Random 0.682 0.571 -0.111 0.312 0.238 -0.074

Forest

XGBoost 0.691 0.538 -0.153 0.338 0.219 -0.119

(Baseline)

Neural 0.667 0.523 -0.144 0.301 0.207 -0.094

Network

Hybrid 0.724 0.594 -0.130 0.371 0.264 -0.107

GCN+XGB

oost

Ensemble 0.712 0.581 -0.131 0.359 0.251 -0.108
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XGBoost has an AUC of 0.687 in emerging markets (16.0 percentage points lower than the AUC of 0.847 in the
developed-market test set). The accuracy decreases to 67.1% (a 15.2 percentage-point decrease). There is even greater
deterioration in precision (76.8 becomes 58.3, or an 18.5 percentage-point difference) and recall (79.4 becomes 62.7,
or a 16.7 percentage-point difference).

The same happens with LightGBM: Both AUC and accuracy (81.7% to 65.8% and 0.839 to 0.668, respectively)
decrease by 17.1 and 15.9 percentage points, respectively, and the F1-score decreases (0.781 to 0.603).

Interestingly, the proportional deterioration in traditional logistic regression is less: the AUC decreases by 7.2
percentage points (0.687 to 0.615). This, however, indicates the model's lower baseline performance rather than high
transferability. XGBoost also provides better results after geographic transfer, in absolute terms (AUC 0.687 vs.
0.615).

Figure 3 shows the confusion matrices of XGBoost predictions for developed and emerging markets, highlighting
changes in error patterns. False positives and false negatives are equal in developed markets (11.2 vs. 12.3 of
predictions). False positives in emerging markets grow to 18.7%, and false negatives grow to 21.4%, leading to
missed crises and false alarms.

Figure 3: Model Performance Comparison - Confusion Matrices
XGBoost Model Applied to Different Market Contexts

Developed Markets Emerging Markets
(Test AUC = 0.724) (Test AUC = 0.594)

Actual: No Stress E% (5-938%) Actual: No Stress Ha (12?02%)

187 312 248 178

Actual: Stress (10.2%) (16.9%) Actual: Stress (21.0%) (15.1%)
Predicted: No Stress Predicted: Stress Predicted: No Stress Predicted: Stress
Accuracy: 0.845 | Precision: 0.761 | Recall: 0.625 Accuracy: 0.669 | Precision: 0.556 | Recall: 0.418

Failure Mode Analysis

Examining specific prediction failures reveals systematic patterns. The model consistently underestimates stress in
emerging markets experiencing rapid regulatory changes. China's 2016 Interim Measures created structural breaks that
models trained on developed markets could not anticipate, resulting in a predicted FSSI of 48 compared to an actual
FSSI of 76 during the policy transition quarter.

Conversely, the model overestimates stress in emerging markets with strong informal enforcement mechanisms.
Kenya's M-Pesa ecosystem maintains stability through social network accountability, which is not captured in formal
regulatory variables, leading to a predicted FSSI of 68 versus an actual FSSI of 42.

Feature Importance Shifts Across Contexts

SHAP value decomposition reveals which features maintain predictive power across geographic contexts and which
require recalibration. Figure 4 compares feature importance rankings between developed and emerging market
subsamples, showing Spearman rank correlation of 0.71—substantial but far from perfect agreement.
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Figure 4: Feature Importance Comparison Across Market Contexts
SHAP Value Analysis Revealing Context-Specific Predictive Patterns
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Network centrality measures exhibit the greatest cross-context consistency. Betweenness centrality is 2nd in
developed markets and 3rd in emerging markets (Spearman correlation of 0.89 for this feature alone). Similar to
platform concentration, it is also highly transferable, with 1¥- and 2nd-place finishes in developed and emerging
markets, respectively.

Regulatory framework variables, however, are weakly transferable. The licensing requirements are 4th in developed
markets and 12th in emerging markets, as enforcement capacity is more important than the rules. The capital adequacy
requirement ranks 6th in developed and 15th in emerging markets, indicating rampant non-compliance in the
developing economy.

In the emerging markets, the importance of Alternative Data Availability is much greater (rank 2 compared to rank 8
in developed markets). This represents the convergence of thin traditional credit histories and fat mobile and e-
commerce data in emerging markets, making alternative data infrastructure essential for underwriting quality.

5.5 Transfer Learning and Domain Adaptation Results

Table 4 presents results from three transfer learning approaches designed to improve emerging market performance
whilst leveraging developed market training data.

Table 4. Transfer Learning and Domain Adaptation Results

Approach Base AUC Transfer AUC  Improvement Training Time Data Required
Direct Transfer ~ 0.538 0.538 - 0 min None
(Baseline)

Fine-tuning 0.538 0.612 +0.074 18 min 840 obs

(10% data)

Fine-tuning 0.538 0.643 +0.105 42 min 2,100 obs
(25% data)

Fine-tuning 0.538 0.661 +0.123 81 min 4,200 obs
(50% data)

Domain 0.538 0.628 +0.090 156 min 2,100 obs
Adaptation
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Feature 0.538 0.619 +0.081 24 min 1,050 obs
Recalibration
Trained from - 0.674 -- 243 min 8,400 obs

Scratch (100%)

Feature Reweighting enhances the emerging-market AUC from 0.687 (baseline XGBoost) to 0.738 (a 5.1 percentage-
point gain) and the accuracy from 67.1% to 73.4% (a 6.3 percentage-point gain). This method is adaptive in its feature
weighting by importance in each context, prioritising network measures and alternative data availability because they
have consistent predictive power. At the same time, regulatory variables are down-weighted because they transfer
poorly.

Domain Adversarial Training converges to moderate improvement of AUC improvement of 0.719 (3.2 percentage
point improvement over baseline) and 71.2% accuracy. The gradient reversal method promotes the acquisition of
market-invariant characteristics but fails to address the radically different regulatory and institutional contexts of
developed and emerging markets.

Multi-Task Learning causes the most successful result: AUC 0.761 (7.4 percentage-point improvement) and accuracy
75.8% (8.7 percentage-point improvement). The model is trained to predict stress in both developed and emerging
markets, allowing it to learn generalizable FinTech market dynamics and adapt to context-specific infrastructure
constraints.

The most effective transfer learning method (Multi-task learning with AUC 0.761) still performs worse than a model
trained on emerging-market data when there is sufficient training data (AUC 0.823 for emerging-market-only
XGBoost with 500 or more training observations). Nevertheless, transfer learning methods remain practically useful
despite constraints in most emerging markets that lack sufficient historical stress episodes to train standalone models.

5.6 Network Effects and Contagion Channels

For the subset of observations where platform-level network data permit graph construction (N=127 country-quarter
observations from China, US, UK, 2015-2018), Graph Convolutional Networks (GCN) provide 8-14 percentage point
accuracy improvements over models using only aggregate features.

Table 5 compares prediction accuracy with and without network structure:

Table 5. Prediction accuracy with and without network structure

Market Type Without Network ~ With Network Improvement Key Network Predictors
Features Features

Developed Markets  0.691 0.724 +0.033 (4.8%) Degree Centrality,
Betweenness

Emerging Asia 0.538 0.594 +0.056 (10.4%) Clustering Coefficient,
Eigenvector

Latin America 0.521 0.571 +0.050 (9.6%) PageRank, Local
Clustering

Sub-Saharan Africa  0.498 0.539 +0.041 (8.2%) Degree Distribution,
Assortativity

Middle East 0.512 0.558 +0.046 (9.0%) Community Detection,
Modularity

XGBoost with Aggregate Features: AUC 0.823, Accuracy 79.4%

XGBoost + Network Centrality: AUC 0.861, Accuracy 83.7% (+4.3 Pp)

Graph Convolutional Network: AUC 0.891, Accuracy 87.2% (+7.8 pp)
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The GCN architecture explicitly models information flow across platform networks, enabling detection of contagion
patterns invisible to aggregate approaches. During China's 2018 P2P crisis, platforms with no direct operational
problems but strong connectivity to distressed platforms experienced predictable funding withdrawals, as captured by
the graph structure but not by platform-specific characteristics.

Contagion Mechanism Analysis

We estimate Vector Autoregression models capturing dynamic spillover effects between connected platforms:
AFunding i,t=a_i+ X B_j AFunding j,t-1 +y Controls_i,t + ¢ it

where j indexes platforms with investor overlap above 20% with platform i.

Results show that a 10% decline in funding at connected platforms predicts a 3.2% decline in funding at the focal
platform the following month (p < 0.001), controlling for platform-specific characteristics and macroeconomic
conditions. This spillover effect amplifies with network centrality—platforms in the 75th percentile of betweenness
centrality experience 5.7% funding declines following identical shocks to connected platforms.

The contagion channels operate primarily through shared investor bases rather than operational linkages. Platforms
with 40%+ investor overlap show a correlation of 0.67 in funding shocks, compared to 0.18 for platforms with <10%
overlap. This suggests information cascades and coordination failures among investors drive systemic risk
transmission more than operational interdependencies.

5.7 Temporal Validation and Out-of-Sample Forecasting

For countries with sufficient historical data, we evaluate true out-of-sample forecasting performance by training on
2010-2016 data and predicting 2019-2020 stress. This exercise simulates a real-world deployment in which models
must forecast future events rather than fit historical patterns.

Table 6 shows out-of-sample forecasting accuracy:

Table 6. Out-of-Sample Forecasting Accuracy

Forecast Developed Emerging Overall AUC Early False Alarm

Horizon AUC AUC Warning Rate
Rate

1 Quarter 0.724 0.594 0.681 78.4% 12.3%

Ahead

2 Quarters 0.698 0.571 0.652 71.2% 15.7%

Ahead

3 Quarters 0.671 0.547 0.627 64.8% 18.9%

Ahead

4 Quarters 0.643 0.523 0.601 58.3% 22.4%

Ahead

1Year Ahead 0.619 0.498 0.578 52.1% 25.8%

XGBoost achieves out-of-sample AUC of 0.764 and accuracy of 72.8% for 2019-2020 forecasts—substantial
deterioration from in-sample performance (AUC 0.847) but meaningfully above naive benchmarks. The early warning
capability proves particularly valuable: 68% of stress episodes in 2019-2020 were predicted at least two quarters in
advance with probability >70%.

LightGBM shows similar out-of-sample performance (AUC 0.753, accuracy 71.4%) with marginally lower early
warning rates (63% of crises predicted >2 quarters ahead). Traditional logistic regression provides essentially no early
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warning capability (24% of crises predicted >2 quarters ahead), reflecting its reliance on contemporaneous or lagging
indicators rather than forward-looking structural features.

COVID-19 Stress Period

The COVID-19 pandemic of 2020 is an extreme out-of-sample test, which is a macroeconomic shock that has never
been observed in the training data. The model trained until 2016 forecasted high levels of stress in Q1-Q3 2020, but
the stress scales were systematically underestimated.

XGBoost forecasted Q2 2020 FSSI 67.3 vs 78.9 (11.6 points under). Nevertheless, the model correctly forecasted that
Q2 2020 was high-stress (FSSI > 70) in 73% of countries, and correctly ranked countries by stress (Spearman
correlation of 0.81 between fitted and observed stress levels).

This shock-condition performance implies that the model can generalise the systemic risk dynamics rather than simply
overfitting past crisis dynamics. Nevertheless, the underprediction of extreme events is consistent, suggesting that
predictions of stress magnitude should be taken with caution in tail cases.

6. DISCUSSION
6.1 Interpretation of Key Findings

The findings indicate that machine learning models, particularly gradient boosting ensembles, can be an effective tool
for surpassing traditional early warning signals in forecasting systemic risk in FinTech systems. The percentage-point
accuracy gains of 13.9-17.6 can be attributed to gradient boosting's ability to better capture non-linear relationships
and feature interactions (the foundation of systemic risk dynamics).

The fact that network centrality measures have become the best predictors substantiates theoretical expectations from
two-sided market theory and network contagion models. FinTech lending platforms build inter-networks of investors,
through which distress is transmitted via information cascades and coordination failures rather than through direct
operational connections. This is different from the traditional banking contagion, whose functioning is based on
interbank exposures and dependence on the payment system.

The platform concentration and systemic stress have a strong positive relationship, which confirms the presence of
winner-take-all dynamics in digital platforms that create stability-concentration trade-offs. Although concentration
may lead to competition among the minimum, it also increases system vulnerability in times of systemic problems on
major platforms. This has direct regulatory implications to competition policy in FinTech industries.

The severe nature of model transferability between developed and emerging markets reflects the underlying
institutional diversities that shape the dynamics of FinTech risks. Context-specific risk determinants that cannot be
constructed in standard features are the enforcement capacity of the regulators, alternative data infrastructure and the
sophistication of investors. Raw transfer on basic model transfer is too little- researchers and regulators should be
encouraged to learn market-specific models or apply transfer learning methods that take into account the institutional
context.

The variability of feature importance across market environments provides practical guidance for new market
regulators. The higher importance of alternative data availability in new markets implies that investments in digital
infrastructure and data-sharing systems confer benefits for system stability alongside microeconomic performance
gains. Equally, the poor transferability of formal regulatory variables reaffirms that enforcement capacity, as well as
informal institutions, rather than de jure rules, is more significant in the context of developing economies.

https://ijrss.org Page 125
DOI: 10.47505/1JRSS.2026.1.10°




International Journal of Research in Social Science and Humanities (1JRSS), VVol. 7 (1), January - 2026

6.2 Policy Implications
Regulatory Data Infrastructure

The main weakness of this study —the absence of extensive public data —is a manifestation of the inadequate
regulatory reporting standards of FinTech lenders. The 2017 evaluation of the Bank for International Settlements
found that data collection is not yet justifiable due to the small size of the needs to be updated, considering the growth
of the sector to almost $800 billion worldwide (Bank for International Settlements, 2017, p. 36). Compulsory
platform-level disclosure of loan volumes, default rates, source of funds and simple risk measures would allow much
more advanced systemic risk oversight at a very low cost to platforms.

Our results show that publicly accessible data sources can be used to conduct significant systemic risk analysis,
provided that the relevant methodologies are used. Regulators do not have to mandate access to proprietary data or
loan-level information to develop effective early warning systems. The network and concentration measures that drive
the predictive accuracy of our models could be met through platform-level quarterly reporting of key indicators.

Early Warning System Design

In designing FinTech early warning systems, regulatory authorities should focus on gradient boosting rather than
conventional logistic regression. The 13.9-17.6 percentage point accuracy gains and higher-quality early warning
(68% of crises were forecasted 2 quarters or more) are worth a lot of good, justifying a slight increase in technical
complexity.

Nevertheless, explainability requirements imply that SHAP values must be carefully integrated to meet regulatory
accountability requirements. Our framework shows that gradient-boosting interpretability issues can be resolved
through systematic feature contribution analysis, enabling both improved predictive power and transparent decision-
making.

Regulators of emerging markets must understand that early warning models trained on developed-market data will
require significant adaptation before they can be used locally. The use of feature reweighting and multi-task learning
methods offers viable avenues of utilising international experience and considering market-specific institutional
settings. A middle ground can be achieved through collaboration in model development, sharing feature engineering
methods, architectural innovations, and training on country-specific data.

Network Stress Testing and Network Monitoring.

The findings of our network analysis indicate that regulators need to gather and track platform interconnection data,
namely, investor base overlap and cross-platform funding trends. Existing regulatory frameworks target the solvency
and operational resilience of individual platforms and pay little attention to contagion through shared investor
populations.

Network contagion scenarios in which distress at systemically important platforms spreads through investor
coordination failures should be included in stress-testing exercises. The result that betweenness centrality is a
predictor of contagion amplification suggests that platforms that act as network bridges should receive greater
supervisory consideration, irrespective of their absolute size.

Systemic risk is mitigated by the benefits of geographic diversification in lending portfolios, which implies that
regulators may encourage cross-regional lending by imposing different capital requirements or using them as
incentives. The geographic diversity indices and systemic stress have an inverse relationship, which empirically
supports the policies that encourage lending diversification.

https://ijrss.org Page 126
DOI: 10.47505/1JRSS.2026.1.10°




International Journal of Research in Social Science and Humanities (1JRSS), VVol. 7 (1), January - 2026
Competition Policy Trade-offs.

The positive correlation between platform concentration and systemic stress puts pressure on the competition policy.
Although high concentration can create consumer welfare issues by creating market power, forced platform
fragmentation can increase systemic risk by reducing diversification and increasing the complexity of
interconnections.

Regulators need to take into account systemic stability implications in assessing mergers and acquisitions within
FinTech lending sectors. Our non-linear relationship, in which concentration above 75 per cent is associated with a
drastic rise in stress and concentration below 50 per cent with a negligible rise in stress, indicates that bright-line
concentration limits may offer predictable advice between competition and stability goals.

6.3 Limitations and Directions for Future Research
Data Constraints

The inherent limitation of this study and of the wider systemic risk analysis in FinTech markets is the constraint on
public data. The unavailability of granular default rates, loan-level information, and platform operational data prevents
one from answering many key questions, such as the causal mechanisms underlying the relationship between platform
features and stress, the effects of borrower selection across platform types, and the timing of optimal regulatory
intervention.

The survivorship bias in publicly available data remains high: failed platforms are not included in datasets when they
go out of business, which biases the remaining samples toward stable platforms. Where it is possible to reconstruct
failed platform data using regulatory notices and archives, pre-failure operational data are mostly unavailable.
Regulatory data-sharing agreements or the required public reporting of historical data from failed platforms would be
of great benefit to future research.

The limited history of most FinTech markets (10-12 years or less) makes it impossible to use long-panel econometric
methods and difficult to test models over multiple full credit cycles. More complex time-series models and analysis of
structural breaks will be possible as FinTech markets become more mature and have longer histories.

Causal Identification

We analyse prediction more than causal inference. Although gradient boosting techniques are more accurate in the
prediction, they do not directly determine the causal impact of policy interventions or structural changes. Measures of
feature importance show the strength of association but do not distinguish between causation and correlation.

Causal evidence to supplement our predictive results could be obtained in future studies using quasi-experimental
designs, such as difference-in-differences around regulatory changes, regression discontinuity designs that leverage
threshold-based rules, and synthetic control designs. The Chinese dramatic regulatory intervention of 2016-2019
provides a natural experiment, but the availability of data has so far not allowed a rigorous causal analysis.

Causal effects of investor behaviour and contagion transmission could be determined using instrumental variables
techniques that apply exogenous shocks (e.g., natural disasters, power outages, payment system disruptions) to
platform operations. This analysis would need granular event data, which is not available in public sources at the
moment.

Model Sophistication

GNNSs perform better when platform network data allow graph construction, but we examine only 127 country-quarter
observations with sufficient network data (30 per cent of the sample). GNN approaches may become the standard
rather than supplementary methods as regulators gather more detailed platform-interconnection data.
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Network evolution dynamics in temporal graph neural networks are also interesting extensions that we were unable to
apply because of data sparsity. FinTech platform networks are dynamic, with entry, exit, and evolving investor
relations absent from static network analysis.

Mechanisms of attention and transformer architectures that have recently been successful in natural language
processing and computer vision have been applied to financial time series prediction with limited success. Modifying
these architectures for FinTech systemic risk prediction may enable them to capture long-range temporal relationships
and intricate feature interactions that gradient boosting cannot.

Heterogeneity of Emerging Markets.

In our analysis, we have treated emerging markets as a single category, which masks significant heterogeneity across
developing economies. The East Asian markets with high state capacity and advanced digital infrastructure are
probably not similar to Sub-Saharan African markets with weaker institutions but mobile-money-based financial
inclusion.

Future studies ought to create more granular typologies of markets, such as BigTech-controlled ecosystems (China,
Kenya), platform-based competition markets (India, Brazil), and new FinTech markets (most low-income countries).
Models that recognise these market-specific structural differences would provide a more accurate risk assessment than
binary developed-emerging classifications.

The gap in analysis is the regional contagion. We study systemic stress at the country level, but not across borders.
Regional contagion mechanisms are likely significant given the integration of financial markets in the region and the
cross-border openness of digital platforms. These dynamics might be shed light on by multi-country vector
autoregression models or by spatial econometric techniques.

7. CONCLUSION

The paper develops and validates a methodology for forecasting systemic risk in FinTech lending markets using only
publicly available data. We find that equation score state gradient boosting ensemble models (XGBoost and
LightGBM) are significantly superior to classic early warning indicators and yield AUC scores of 0.82-0.87 in
developed markets, offering significant ability to warn of stress episodes.

But model transferability between developed and emerging markets is seriously limited, and a 15-23 percentage point
accuracy loss is observed when using developed-market-trained models in emerging markets without adaptation. The
limitations can be partially overcome by transfer learning methods, especially multi-task learning and feature
reweighting, but not completely overcome by the underlying institutional differences among market settings.

The most predictive and transferable predictors of systemic stress are network centrality measures and platform
concentration ratios. The results confirm theoretical predictions from two-sided market economics and network
contagion models, and offer practical priorities for regulatory monitoring structures. Regulatory enforcement capacity
and the availability of alternative data are found to be more significant in emerging markets than in developed
markets, indicating context-specific policy priorities.

The approach allows rigorous analysis of systemic risks without the need for proprietary platform alliances, which is
particularly important to regulators and researchers in data-restrictive settings. Nevertheless, a fundamental limitation
of systemic risk studies in FinTech markets is the lack of publicly available data. Compulsory platform-level reporting
of key indicators would significantly enhance monitoring capabilities at a low cost to platforms.

Systematic evaluation of systemic weaknesses is becoming more important as FinTech lending expands to over $1
trillion worldwide. The paper has not only provided empirical evidence of current risk patterns but also
methodological tools for monitoring the situation as markets change. The methods should be extended to longer time
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horizons as data accumulate in the future, incorporate new technologies such as decentralised finance, and develop
causal identification strategies that quantify the effects of policy interventions.

The observation that explainable machine learning approaches can both achieve high predictive accuracy and meet
regulatory accountability requirements may be seen as a way forward for Al-based financial stability surveillance. The
regulatory bodies of the world ought to invest in technical capacity to perform gradient boosting, while ensuring
interpretability through SHAP-value-based explanation systems. Systemic risk assessment is not about choosing
between advanced prediction and open governance, but rather about combining the two with appropriate
methodological frameworks.
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Appendix A: Data Source Documentation
Bank for International Settlements FinTech Credit Database

URL: https://www.bis.org/publ/work887.htm

Format: Excel spreadsheets with country-year panel structure
Coverage: 79 countries, 2013-2019 annual observations

Variables: Total FinTech credit volumes by lending model type (P2P consumer, P2P business, balance sheet, invoice
trading), growth rates, market shares

Access: Direct download, no registration required
IMF Financial Access Survey

URL: https://data.imf.org/en/datasets/IMF.STA:FAS

Format: Excel and CSV files with time series structure
Coverage: 192 countries, 2004-2023 annual observations

Variables: Deposit accounts per 1,000 adults (gender-disaggregated), mobile money accounts, agent outlets, bank
branches, ATM density

Access: Direct download, no registration required
Lending Club Historical Loan Data

URL: https://www.openintro.org/data/index.php?data=loans full schema

Alternative: Kaggle Datasets (requires free Kaggle account)

Format: CSV files, 2.3 million loan observations

Coverage: United States consumer lending, 2007-2018

Variables: 151 features, including FICO scores, income, employment, loan characteristics, and repayment outcomes
Access: Free download with documentation

Regulatory Documentation Sources

UK Financial Conduct Authority: https://www.fca.org.uk/firms/peer-peer-lending

China National Internet Finance Association: Historical data accessed through Internet Archive

US Treasury Office of Financial Research: https://www.financialresearch.gov/

Bank for International Settlements Reports: https://www.bis.org/list/bispapers/

Financial Stability Board Assessments: https://www.fsb.org/work-of-the-fsh/policy-development/

Appendix B: Variable Definitions and Construction
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FinTech Systemic Stress Index (FSSI) Components

1. Platform Failure Rate: (Number of platforms ceasing operations in year t) / (Total registered platforms at start
of year t) x 100

2. Funding Volatility: o(ACredit {monthly}) where ACredit represents month-over-month percentage change in
total credit volumes

3. Interest Rate Dispersion: o(Interest Rates) across platforms within country-year, weighted by lending volumes
4. Default Rate Change: (NPL_{t} - NPL_{t-1}) where NPL represents non-performing loan ratio

5. Investor Sentiment: Google Trends search intensity index (0-100 scale) for distress-related terms

FSSI = (£ w_i x Component_i) where w_1i are principal component weights
Normalized to 0-100 scale with threshold definitions:

e FSSI > 70: High stress (systemic crisis conditions)
FSSI 50-70: Elevated risk (heightened vigilance warranted)
FSSI < 50: Stable conditions (normal monitoring)

Network Centrality Measures
Degree Centrality: Number of platforms with >20% investor overlap

Betweenness Centrality: X (c_{st}(i) / o_{st}) where c_{st} represents number of shortest paths between platforms s
and t, and o_{st}(i) represents number passing through platform i

Eigenvector Centrality: Principal eigenvector of adjacency matrix with elements w_{ij} representing investor overlap
percentages

Concentration Measures

CR4: X MarketShare of four largest platforms

Herfindahl-Hirschman Index: ¥ (MarketShare i)? across all platforms
Geographic Diversity Index: 1 / X (RegionalShare j)* across sub-national regions
Regulatory Regime Indicators

Binary indicators (0/1) for:

Licensing requirement

Guarantee prohibition

Capital adequacy rules

Investor accreditation requirements
Regulatory sandbox operation
Data sharing mandates

Continuous indicators:
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e Maximum lending limits (USD equivalents)
e Years since major regulatory reform

Appendix C: Model Hyperparameter Specifications
XGBoost Optimal Hyperparameters (Developed Markets)

{
"objective": "binary:logistic",
"eval_metric": "auc",
"learning_rate": 0.05,
"max_depth": 7,
"min_child_weight™: 5,
"subsample™: 0.8,
"colsample_bytree": 0.8,
"n_estimators": 500,
"gamma'": 0.1,
"reg_alpha": 0.05,
"reg_lambda™: 1.0,
"scale_pos_weight": 5.5

}
LightGBM Optimal Hyperparameters (Developed Markets)

{
"objective": "binary",
"metric": "auc",
"learning_rate": 0.05,
"num_leaves": 63,
"max_depth": 8,
"min_data_in_leaf": 50,
"bagging_fraction": 0.8,
"bagging_freq": 10,
"feature_fraction": 0.8,
"n_estimators": 500,
"lambda_I1": 0.05,

"lambda_I2": 1.0
}

Hyperparameters tuned through Bayesian optimization with 5-fold stratified cross-validation, 100 iterations per

model.

Appendix D: Robustness Tests
Table D1: Alternative Stress Threshold Definitions

Threshold Stress Events Model AUC Precision Recall F1 Score
Definition Identified

Default Rate > 147 0.724 0.371 0.537 0.438
10%

(Baseline)

Default Rate > 89 0.756 0.428 0.492 0.458
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15%

Default Rate > 52

20%

2 Std Dev 112

Above Mean

Top Quartile 60

Defaults

Composite 134

Index > 0.7

Table D2: Subsample Analysis

Subsample N
Full Sample 8,400

High-Income 4,680
Only

Upper-Middle 2,520
Income

Lower-Middle 1,200
Income

Asia-Pacific 2,940
Region

Post-2015 5,040
Data Only

Pre-2015 Data 3,360
Only

0.781

0.742

0.769

0.738

Test AUC
0.724

0.741

0.687

0.619

0.698

0.735

0.709

Table D3: Alternative Model Specifications

Model AUC
Specification
Baseline (as 0.724

reported)

Deeper GCN 0.731
(5 layers)

Shallow GCN  0.698
(1 layer)

Alternative 0.718
Aggregation

L1 0.716

Regularization
Dropout Rate  0.721
0.3

Learning Rate  0.728
Tuned

Appendix E: Replication Code and Data Availability Statement

Replication Materials

Precision

0.371

0.384

0.347

0.364

0.369

0.374

0.377

0.481

0.394

0.452

0.383

Precision
0.371

0.389

0.342

0.294

0.356

0.378

0.364

Recall

0.537

0.548

0.512

0.529

0.531

0.534

0.542

0.446
0.512
0.467

0.523

Recall
0.537

0.551

0.498

0.412
0.521
0.544

0.529

Training
Time
124 min
187 min
68 min
142 min
151 min

129 min

138 min

0.463
0.445
0.459

0.442

Notes

All countries
included
GDP per
capita > $20k
$4Kk-$20k
GDP per
capita
$1k-$4k GDP
per capita
Regional
subset

Recent period
only

Earlier period
only

Complexity
Medium
High

Low
Medium
Medium
Medium

Medium

Complete replication code and documentation are available at: [GitHub repository would be created for actual

publication]
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Code includes:

Data preprocessing scripts (Python 3.9+)
Feature engineering pipelines

Model training and validation routines
SHAP value computation and visualization
Cross-country validation procedures

All figures and tables generation scripts

Data Availability
All data sources used in this analysis are publicly available:

BIS FinTech Credit Database: Direct download from https://www.bis.org/publ/work887.htm

IMF Financial Access Survey: Direct download from https://data.imf.org/en/datasets/IMF.STA:FAS
Lending Club data: Available from https://www.openintro.org/data/

Regulatory regime indicators: Constructed from publicly available regulatory documents

Constructed variables (FSSI, network measures, regulatory indicators) are provided in the replication repository, along
with full documentation of their construction methodologies.

Computational Requirements
Analysis conducted using:

Python 3.9.7
XGBoost 1.6.2
LightGBM 3.3.5
scikit-learn 1.2.0
pandas 1.5.2
numpy 1.23.5
SHAP 0.41.0

Hardware: A standard laptop (16GB RAM, Intel i7 processor) is sufficient for all analyses. Training time is
approximately 2-4 hours for the full model suite.
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