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Abstract: The rapid expansion of the gig economy has generated new challenges for financial inclusion, particularly in
credit scoring where traditional models fail to accommodate the fragmented and non-standardized income streams of gig
workers. This study introduces FinGig-CreditNet (Financial Inclusion Gig-Credit Neural Framework), a novel machine
learning—driven framework that integrates behavioral, transactional, and alternative data to construct adaptive,
explainable, and portable credit scores for gig workers. Unlike existing labor credit scoring approaches, FinGig-CreditNet
employs a hybrid deep learning architecture combining graph-based feature extraction with interpretable ensemble
learning, ensuring transparency and robustness across heterogeneous gig platforms. A multi-layered design enables the
aggregation of platform-specific performance signals, psychometric indicators, and mobile payment histories into a unified
credit profile. Experimental evaluation on a synthesized multi-platform gig dataset demonstrates that FinGig-CreditNet
improves default prediction accuracy by 12.7% and fairness metrics by 9.4% compared to baseline credit scoring models.
More importantly, the framework enhances the portability of creditworthiness across platforms, thereby creating an
interoperable ecosystem where gig workers can leverage their digital reputation for financial access. The findings highlight
FinGig-CreditNet as a scalable solution bridging fintech innovation, machine learning, and social equity, offering both
theoretical and policy contributions to the design of inclusive financial infrastructures in the digital labor economy.
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I INTRODUCTION Recent advances in machine learning (ML) and fintech
promise to narrow this gap by leveraging alternative data—

Digital labour platforms have expanded rapidly,
creating a heterogeneous “gig economy” in which workers
exhibit volatile earnings, fragmented employment records,
and multi-homing across apps [1-3]. While platforms have
increased access to income opportunities, gig workers
remain under-served by formal finance because
conventional credit scoring depends on long, stable financial
histories and employer documentation rarely available in
this segment [4-6]. This exclusion is most acute in emerging
markets, where thin-file borrowers dominate and credit
bureaus have limited coverage [7, 8]. As a result, lenders
face higher information asymmetry and default uncertainty,
and workers face costly or no credit—even when their
platform behavior evidences reliability and repayment
capacity [9-11].
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such as transactional traces, platform ratings, mobility
patterns, psychometrics, and mobile-money usage—to infer
creditworthiness for thin-file individuals [12-14]. However,
three limitations persist in the literature and practice: (i)
portability—scores remain siloed within platforms or
lenders, limiting transfer across ecosystems; (i)
explainability and fairness—black-box models complicate
adverse-action notices and may encode bias; and (iii)
privacy-preserving  learning—data-sharing  constraints
hinder multi-party modeling across platforms and financial
institutions [15-18].

Building on the growing recognition that labor
reputation can be transformed into bankable, cross-platform
assets, recent work proposes “labor credit scoring” and
labor-credit-bureau  concepts to  connect  platform
performance with financial access [19]. While this line of
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research demonstrates feasibility in field settings, prior
studies have not yet delivered an interoperable, transparent,
and regulation-aware ML  framework that fuses
heterogeneous platform, behavioral, and financial data for
gig-worker credit scoring at scale [20].

To fill this gap, the present study introduces FinGig-
CreditNet, a novel ML-driven fintech framework that learns
portable, explainable credit representations from multimodal
gig-economy data. The framework integrates (a) cross-
platform behavioral and task-quality signals, (b) financial
and mobile-money histories, and (c) psychometric and
device-level stability indicators, within a pipeline that
combines graph-enhanced feature learning, calibrated
uncertainty estimation, and post-hoc explainability suited for
lending governance. To support privacy and compliance,
FinGig-CreditNet incorporates privacy-preserving training
(e.g., secure aggregation/federated orchestration) and
auditable policy layers for fairness monitoring and adverse-
action rationale. By design, the learned credit representation
is portable across lenders and platforms, enabling a
“reputation-as-asset” paradigm for gig workers and reducing
information asymmetry in underwriting.

» Contributions
The novel contributions of this study are:

o We define gig-worker credit assessment as a multimodal,
cross-platform learning problem and propose FinGig-
CreditNet as a deployable architecture that addresses
portability, explainability, and privacy.

e We design optimization goals that jointly balance credit
risk prediction with financial access expansion,
incorporating fairness and calibration for high-stakes
lending.

o We evaluate FinGig-CreditNet against strong baselines
using realistic platform-finance data synthesis and stress
scenarios that capture gig-income volatility.

e We demonstrate that FinGig-CreditNet improves
discrimination, calibration, and fairness while enabling
interoperable credit portability across platforms, thereby
translating gig-economy reputation into affordable credit
access.

1. LITERATURE REVIEW

The intersection of machine learning (ML), fintech,
and financial inclusion has become a focal point of research.
Recent studies highlight the potential of ML to extend credit
access by leveraging alternative data sources beyond
traditional credit bureaus. For example, Andrae (2025) [21]
demonstrates how ML techniques can integrate transactional
and behavioral signals to enhance loan accessibility and
efficiency in social finance, while also raising concerns
around bias and transparency. Similarly, Machikape and
Oluwadele (2024) [22] conduct a meta-analysis on
alternative data—including online behavior, e-commerce
activity, and social network interactions—showing that
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algorithms such as Gradient Boosted Decision Trees and
LightGBM outperform conventional models, albeit with
unresolved ethical and privacy risks.

Emerging works also emphasize the synergy between
Al, blockchain, and decentralized finance (DeFi) in
reshaping financial inclusion pathways. Malatji and lyer
(2024) [23] note that blockchain-enabled identity
verification and ML-driven authentication mechanisms can
improve credit access for informal traders, though
challenges of cost, literacy, and regulatory safeguards
remain. In parallel, Abbas (2025) [24] frames algorithmic
decision-making as an information-processing pipeline,
showing how high predictive performance does not always
align with borrowers’ perceptions of fairness—thus
underscoring the need for behavioral and experiential
indicators in credit scoring.

From a sustainability perspective, Vasile and Manta
(2025) [25] apply PCA and ANOVA to link fintech
adoption and Al-enabled decision-making with Sustainable
Development Goals (SDGs). Their findings suggest that
fintech infrastructures improve account ownership and
reduce inequalities, but structural gaps persist across
demographic categories. Complementarily, Dixit and Jangid
(2024) [26] highlight how the integration of smart contracts,
blockchain, and ML can enhance transparency, security, and
cost efficiency in fintech, while stressing the urgency of
governance frameworks for ethical deployment.

Policy-driven  approaches  further  contextualize
inclusion challenges in developing economies. Adam et al.
(2025) [27], studying Indonesia, identify fragmented
regulation and limited data interoperability as barriers to
innovative credit scoring (ICS). They advocate algorithm
audits and integrated MSME databases to improve credit
portability and reduce opacity. Li and Liu (2024) [28] add
empirical evidence from China, employing explainable ML
(XGBoost with SHAP) to reveal structural determinants of
financial inclusion, including income levels, internet
penetration, and urban-rural divides. These findings
highlight the uneven benefits of digital finance in emerging
economies.

Innovative credit-scoring engines are also emerging in
African contexts. Kazimoto et al. (2024) [29] present Tausi,
a holistic Al framework that incorporates informal data such
as social media and utility bills into credit risk models. By
enabling real-time score adjustments, Tausi fosters
transparency and expands access to credit for thin-file
borrowers, positioning itself as a replicable model for
sustainable microlending across the continent. Daudu et al.
(2025) [30] extend this discussion by positioning Al as a
problem-solving tool within African digital finance,
stressing both the opportunities for financial empowerment
and the cybersecurity threats that must be mitigated for
inclusive adoption.

Collectively, these works converge on three themes.
First, ML and alternative data have demonstrated significant
potential to extend credit access (Andrae, 2025 [21];
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Machikape & Oluwadele, 2024 [22]; Li & Liu, 2024 [28];
Kazimoto et al., 2024 [29]). Second, integration with
blockchain, DeFi, and smart contracts provides new
pathways for transparent and secure financial systems
(Malatji & lyer, 2024 [23]; Dixit & Jangid, 2024 [26]).
Third, fairness, interpretability, and regulation remain
unresolved issues across all contexts (Abbas, 2025 [24];
Adam et al.,, 2025 [27]; Daudu et al., 2025 [30]). This
reinforces the urgent need for deployable frameworks—such
as FinGig-CreditNet—that not only achieve predictive gains
but also embed explainability, portability, and compliance
into gig-economy credit scoring systems.

» Research Gaps

Although recent studies demonstrate the promise of
machine learning, alternative data, and fintech innovations
in expanding financial inclusion, several critical gaps
persist. Existing works emphasize either algorithmic
accuracy or inclusion outcomes, but rarely address
portability, explainability, and privacy simultaneously.
Blockchain and smart contracts offer transparency gains, yet
their high costs, literacy barriers, and regulatory
uncertainties limit real-world deployment. Empirical studies
in developing economies highlight persistent challenges of
fragmented regulation, data interoperability, and fairness
across demographic groups. Moreover, innovative systems
using informal data demonstrate potential, but their
scalability, governance, and cybersecurity readiness remain
underexplored. Collectively, these limitations underscore the
need for a novel, deployable framework that unifies
predictive performance with fairness, interpretability, and
cross-platform credit portability in the gig economy.

» Problem Statement

The rapid rise of the gig economy has created an
urgent demand for inclusive financial systems, yet existing
credit scoring models remain poorly equipped to assess the
creditworthiness of gig workers whose incomes are volatile,
irregular, and often undocumented. Conventional bureau-
based methods systematically exclude these workers, while
current machine learning—driven fintech solutions, though
promising, lack portability across platforms, sufficient
explainability for regulatory oversight, and robust
safeguards for fairness and privacy. This misalignment
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between the realities of gig work and the limitations of
prevailing credit scoring approaches results in persistent
financial exclusion, underscoring the need for a novel,
deployable framework that integrates predictive accuracy
with transparency, equity, and cross-platform
interoperability.

> Objectives
The novel objectives of this study are:

e To develop FinGig-CreditNet, a machine learning—
driven fintech framework that unifies behavioral,
transactional, and alternative gig-economy data into
portable and explainable credit scores.

e To design inclusion-aware optimization goals that jointly
balance predictive accuracy, fairness, and financial
access expansion under conditions of gig-income
volatility.

e To conduct empirical evaluation against strong baselines
using synthesized multi-platform datasets and stress-test
scenarios, demonstrating improvements in
discrimination, calibration, fairness, and cross-platform
credit portability.

» Research Questions

e Q1. How can gig-economy behavioral, transactional, and
alternative data be integrated into a unified credit scoring
framework that is portable and explainable across
platforms?

e Q2. What optimization strategies can be designed to
balance predictive accuracy, fairness, and financial
inclusion while accounting for the volatility of gig
workers’ income streams?

e Q3. To what extent does the proposed FinGig-CreditNet
framework outperform existing credit scoring baselines
in terms of discrimination, calibration, fairness, and
interoperability under realistic stress-test scenarios?
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1. FINGIG-CREDITNET ARCHITECTURE AND GOVERNANCE DESIGN
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Fig 1 Overview of the FinGig-CreditNet Architecture

The FinGig-CreditNet system is structured into three
primary layers: the multimodal data integration layer, the
model learning and inference layer, and the governance and
compliance layer. As illustrated in Figure 1, behavioral,
transactional, and alternative gig-economy data are first
harmonized through feature fusion and preprocessing. These
signals are then processed using inclusion-aware
optimization to generate credit scores while ensuring
fairness, explainability, and privacy. Finally, governance
mechanisms embed compliance auditing and ethical
safeguards, enabling the framework to be both technically
robust and deployment-ready for real-world financial
inclusion scenarios.

» System Overview

FinGig-CreditNet is conceptualized as an end-to-end
machine learning—driven fintech framework designed to
address the structural limitations of conventional credit
scoring in the gig economy. At its core, the system ingests
multimodal data streams—including behavioral activity
from digital platforms, transactional histories from financial
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interactions, and alternative sources such as mobile usage or
social engagement—to generate holistic credit profiles for
gig workers. These heterogeneous inputs are processed

through a unified architecture that integrates data
preprocessing, feature fusion, and modular learning
components optimized for accuracy, fairness, and

interpretability.

The system operates in three layers: (i) A data
integration layer that harmonizes structured and
unstructured gig-economy signals, (ii) A learning and
inference layer that applies inclusion-aware optimization to
produce portable and explainable credit scores, and (iii) A
governance layer that embeds privacy safeguards, fairness
auditing, and regulatory compliance mechanisms. By
combining these layers, FinGig-CreditNet seeks to ensure
not only predictive improvements but also deployability
across platforms and financial institutions, thereby enabling
credit portability, transparency, and ethical lending practices
tailored to the realities of gig work.
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» Multimodal Data Integration Layer

The multimodal data integration layer of FinGig-
CreditNet is designed to capture and harmonize
heterogeneous signals that reflect the financial behavior of
gig workers. Unlike conventional bureau-driven approaches
that rely heavily on static credit histories, this layer
incorporates three complementary data streams: (i)
behavioral data from platform engagement metrics such as
task completion rates, customer ratings, and work patterns;
(ii) transactional data from digital payments, mobile money
flows, and micro-lending activities; and (iii) alternative data
sources such as mobile phone usage, social interactions,
geolocation, and utility payments that provide additional
context for thin-file borrowers.

To integrate these diverse sources, the framework
employs a combination of feature engineering and
representation learning techniques. Structured signals, such
as transaction records, are standardized into time-series
features, while unstructured or semi-structured signals, such
as text-based ratings or categorical engagement logs, are
encoded through embedding mechanisms. A feature fusion
module then aligns and combines these representations into
a unified credit profile. This process ensures that the model
leverages both ‘“hard” financial evidence and “soft”
behavioral indicators, enabling a more accurate and
inclusive characterization of creditworthiness.

By consolidating multimodal inputs into a common
representation space, the integration layer lays the
foundation for explainable, fair, and portable scoring. It
addresses the fragmentation of data across platforms,
enabling credit portability and facilitating the extension of
financial access to gig workers traditionally excluded from
formal lending systems.

» Model Architecture and Learning Framework

The core of FinGig-CreditNet resides in its model
architecture, which is designed to balance predictive
performance with fairness, interpretability, and deployment
feasibility. The architecture follows a modular deep learning
framework where multimodal representations from the
integration layer are passed into a hybrid model composed
of three key components: (i) A representation encoder that
transforms heterogeneous inputs into latent embeddings, (ii)
A fusion network that aggregates behavioral, transactional,
and alternative features into a unified representation, and
(iii) A prediction head that outputs a creditworthiness score
calibrated for explainability and compliance.

The learning framework is built around a multi-
objective optimization strategy. The primary objective
minimizes predictive loss (e.g., cross-entropy for
classification or mean squared error for regression), while
auxiliary objectives introduce fairness and inclusion-aware
constraints. Formally, the optimization combines prediction
loss with fairness regularizers (e.g., demographic parity,
equalized odds) and inclusion penalties that ensure
underrepresented borrowers are not systematically excluded.
By tuning the trade-off hyperparameters, the framework
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allows practitioners to balance accuracy with ethical and
regulatory priorities.

Additionally, the architecture supports ablation testing
and stress scenarios, enabling systematic evaluation of how
the model performs under income volatility, irregular data
availability, and platform heterogeneity. This design ensures
that the framework is not only accurate under ideal
conditions but also robust in the uncertain and dynamic
realities of the gig economy.

» Explainability and Interpretability Mechanisms

To ensure regulatory compliance and user trust,
FinGig-CreditNet integrates explainability as a core design
principle rather than a post hoc add-on. The framework
adopts a dual-layered interpretability strategy. First, global
interpretability is achieved through feature attribution
methods such as SHapley Additive exPlanations (SHAP)
and permutation importance, which quantify the overall
contribution of behavioral, transactional, and alternative
features to credit predictions. This provides policymakers
and financial institutions with transparent insights into how
different data modalities drive model outcomes.

Second, local interpretability —mechanisms are
embedded to generate borrower-specific explanations. For
each individual prediction, the system highlights the most
influential features—such as payment regularity, task
completion reliability, or mobile transaction stability—
allowing lenders to understand why a credit decision was
made. This level of transparency helps reduce algorithmic
opacity and supports appeals or dispute resolution processes,
thereby increasing user confidence in the fairness of the
scoring system.

Furthermore, interpretability outputs are aligned with
fairness audits to detect systematic biases in feature
importance across demographic or regional groups. By
integrating interpretability directly into the prediction
pipeline, FinGig-CreditNet enhances accountability,
improves trust among stakeholders, and supports the broader
goal of ethical Al deployment in financial inclusion.

» Privacy-Preserving and Security Features

Given the sensitive nature of financial and behavioral
data in the gig economy, FinGig-CreditNet embeds privacy
and security safeguards at both the architectural and
governance levels. The framework employs privacy-
preserving machine learning techniques, including
differential privacy for noise injection into sensitive
attributes and federated learning to enable model training
across distributed platforms without requiring raw data
centralization. This ensures that personal and platform-level
information remains confidential while still contributing to
the predictive power of the system.

From a security perspective, all data transmissions
between integration points and the learning framework are
secured through end-to-end encryption and robust access
controls. Multi-factor authentication and role-based access
policies are enforced to limit data handling to authorized
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stakeholders. Moreover, auditable logging systems track
model inferences and data flows, enabling transparent
oversight and accountability in compliance with data
protection regulations such as GDPR (General Data
Protection Regulation) (European Union regulation on data
protection and privacy) and equivalent local frameworks.

By incorporating privacy preservation and security-by-
design principles, FinGig-CreditNet not only protects
individual gig workers from misuse of their financial and
behavioral data but also strengthens institutional trust,
thereby increasing the likelihood of adoption by lenders,
regulators, and digital labor platforms.

» Fairness-Aware Optimization

Fairness is a critical requirement for credit scoring
systems operating in the gig economy, where workers often
face structural disadvantages due to income volatility and
limited credit history. FinGig-CreditNet incorporates
fairness-aware optimization directly into its learning
objectives to mitigate systematic biases while maintaining
predictive performance. The framework integrates fairness
regularizers—such  as  demographic  parity, equal
opportunity, and calibration across groups—into the loss
function, ensuring that no demographic or occupational
subgroup is disproportionately penalized.

Formally, the optimization objective combines three
components: predictive loss, fairness penalties, and
inclusion-aware constraints. The predictive loss minimizes
error in credit score estimation, while fairness penalties
reduce disparities in false positive and false negative rates
across groups. The inclusion-aware term ensures that
traditionally underserved borrowers, such as first-time gig
workers or those lacking formal credit histories, are not
excluded from credit opportunities. By jointly optimizing
these components, the system achieves a balance between
accuracy, equity, and financial inclusion.

Beyond model training, fairness auditing is
implemented in the evaluation phase, where performance is
stress-tested across demographic splits, income variability,
and geographic contexts. These audits provide transparency
for regulators and allow iterative recalibration of trade-off
parameters. In doing so, FinGig-CreditNet operationalizes
fairness not as an afterthought, but as a measurable and
enforceable design objective.

» Credit Portability and Cross-Platform Interoperability

A central challenge in the gig economy is the
fragmentation of worker reputation and income data across
multiple platforms, which hinders the construction of
continuous and reliable credit histories. FinGig-CreditNet
addresses this problem by embedding credit portability and
interoperability mechanisms into its design. The framework
generates credit scores in a standardized representation
format, enabling seamless transferability across platforms,
financial institutions, and regulatory environments without
compromising interpretability or fairness.
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Technically, this is achieved through interoperable
application programming interfaces (APIs) and schema
mappings that align heterogeneous platform data into a
unified feature space. The portability of scores is further
reinforced by normalization procedures that calibrate
outputs across platforms with varying data density and
quality. By doing so, gig workers can leverage their
reputational and transactional capital earned on one platform
as valid credit evidence on others, reducing dependency on a
single income stream.

This design not only empowers workers with greater
financial mobility but also provides lenders with a
consistent, auditable basis for credit assessment. For
policymakers and regulators, interoperability facilitates
oversight and ensures that inclusion policies can scale across
digital ecosystems. In effect, FinGig-CreditNet transforms
fragmented gig data into a transferable financial asset,
bridging the gap between platform labor and formal
financial systems.

» Governance, Compliance, and Ethical Considerations

For FinGig-CreditNet to be deployable in real-world
financial  ecosystems, governance and compliance
mechanisms are as critical as its technical design. The
framework integrates regulatory compliance modules that
align with international standards such as GDPR, PSD2
(Revised Payment Services Directive (Directive (EU)
2015/236), and local financial data protection laws, ensuring
lawful collection, processing, and portability of gig-worker
data. Audit trails and algorithmic accountability protocols
are built into the system, enabling regulators and third-party
auditors to examine decision processes and verify adherence
to fairness, transparency, and inclusion mandates.

From an ethical standpoint, the system emphasizes
responsible Al deployment by embedding safeguards
against algorithmic discrimination, data misuse, and
exclusionary  practices. Ethical guidelines  are
operationalized through fairness audits, transparency
dashboards, and user-centric explainability reports that
allow borrowers to understand, challenge, or appeal credit
decisions. These features enhance borrower agency while
fostering trust between platforms, lenders, and workers.

Governance is further supported through multi-
stakeholder oversight, where financial institutions, platform
operators, regulators, and worker representatives
collaboratively shape system parameters and policies. This
participatory approach ensures that the framework does not
merely optimize technical performance but also addresses
the socio-economic realities of the gig economy. By
combining compliance, accountability, and ethics, FinGig-
CreditNet establishes itself as not only a predictive model
but also a trustworthy infrastructure for sustainable financial
inclusion.

FinGig-CreditNet advances beyond conventional credit
scoring frameworks by unifying multimodal gig-economy
data, embedding fairness and privacy into its optimization
pipeline, and enabling credit portability across fragmented
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platforms. The architecture balances methodological rigor
with deployability, offering a system that is predictive,
interpretable, and compliant with regulatory and ethical
standards. By integrating governance mechanisms alongside
technical design, the framework is positioned to serve as
both a robust machine learning solution and a trustworthy
financial inclusion tool. Building on this architecture, the
next section details the datasets, evaluation metrics, and
experimental protocols employed to empirically validate the
framework’s effectiveness under realistic and stress-test
conditions.

V. DATASETS, METRICS, AND
EXPERIMENTAL PROTOCOL

» Datasets

Given the absence of standardized public datasets that
comprehensively capture gig-economy activities, this study
constructs a to simulate realistic gig-worker profiles. The
dataset incorporates income trajectories, task schedules,
customer ratings, and platform-specific engagement across
domains such as ride-hailing, food delivery, and freelance
services. Data generation is implemented using the
Synthetic Data Vault (SDV) [31], synthetic multi-platform
dataset and a machine learning—driven generative
framework capable of producing single-table, relational, and
sequential data through advanced probabilistic modeling and
deep generative networks (e.g., CTGAN, Copula models).
The synthetic pipeline is further calibrated against publicly
available labor statistics and digital economy surveys to
align distributions with real-world gig-worker patterns,
thereby ensuring statistical fidelity while maintaining
privacy.

e Synthetic Multi-Platform Gig Data Generation

To realistically represent the heterogeneity of gig-
economy workers, a synthetic multi-platform dataset is
generated that captures behavioral, financial, and
reputational dynamics across diverse labor platforms. The
data generation leverages the Synthetic Data Vault (SDV)
[31], which employs probabilistic modeling and deep
generative learning techniques such as CTGAN
(Conditional Tabular GAN) and Copula-based models to
replicate realistic feature distributions.

The synthetic dataset includes gig-worker income
trajectories, variability in task frequency, customer
satisfaction scores, platform loyalty indicators, and cross-
platform engagement histories. These attributes are
statistically calibrated against labor market surveys and
digital economy reports to ensure consistency with real-
world gig-worker demographics and earnings volatility.
Importantly, the synthetic approach protects privacy while
enabling experimentation with data modalities that are
otherwise inaccessible due to proprietary or regulatory
constraints.

This dataset provides a robust foundation for

evaluating the FinGig-CreditNet framework under
controlled yet realistic conditions, enabling benchmarking,
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stress testing, and fairness audits without reliance on
sensitive proprietary datasets.

e Behavioral and Transactional Feature Construction

Behavioral and transactional features are central to
capturing the creditworthiness of gig workers in ways that
go beyond traditional bureau data. Behavioral features
reflect worker reliability and reputation, including task
acceptance and completion rates, punctuality, customer
ratings, and longitudinal reputation dynamics across
platforms. These signals capture effort consistency and
service quality, which are critical indicators of trust in
platform-mediated labor markets.

Transactional features capture the financial dimension
of gig work, including earnings frequency, income
variability, savings and withdrawal behaviors, repayment
history on micro-loans, and digital payment flows. By
integrating both high-frequency and long-term transaction
patterns, the dataset models financial resilience and
volatility that are characteristic of gig-economy livelihoods.

The combination of behavioral and transactional
attributes enables a more comprehensive assessment of
credit risk, allowing FinGig-CreditNet to evaluate not only
predictive accuracy but also financial inclusion potential for
workers with limited or non-traditional credit histories.

o Alternative Data Sources

To address the limitations of traditional and
transactional credit data, the synthetic dataset incorporates
alternative data sources that provide indirect but powerful
signals of stability and reliability. Mobile usage records,
such as airtime purchases, data consumption, and device
consistency, serve as proxies for income regularity and
digital engagement. Social interactions, including peer
network  strength,  platform-based  referrals, and
communication frequency, capture dimensions of social
trust and reputation that are often overlooked in
conventional models.

Geolocation data further enrich the dataset by
modeling worker mobility patterns, task coverage areas, and
route stability across gig platforms such as ride-hailing and
delivery services. These spatial-temporal features provide
insight into work consistency and economic opportunity
zones, offering lenders additional granularity for assessing
repayment capacity.

By integrating these alternative signals alongside
behavioral and transactional features, the framework reduces
bias against thin-file borrowers, expands financial access,
and strengthens the robustness of credit scoring under gig-
economy volatility.

¢ Data Preprocessing and Normalization

Prior to model training, all data streams undergo
rigorous preprocessing to ensure consistency, comparability,
and reliability across heterogeneous gig platforms. Missing
values are handled using a combination of statistical
imputation and model-based reconstruction, while outliers
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are detected and corrected through robust scaling methods to
mitigate distortion from extreme income fluctuations or
anomalous behavioral patterns.

Continuous variables such as income flows, transaction
amounts, and geolocation-based distances are normalized
using z-score or min—max scaling to achieve uniform feature
distributions.  Categorical attributes, including task
categories, platform identifiers, and service ratings, are
transformed into numerical representations through one-hot
encoding or embedding layers to facilitate integration with
deep learning architectures.

Cross-platform schema alignment is applied to
harmonize heterogeneous data formats, ensuring that
behavioral, transactional, and alternative signals are mapped
into a consistent feature space. This step enables the
portability of credit scores across diverse gig platforms and
supports interoperability in downstream evaluation.

> Evaluation Metrics

o Predictive Performance Metrics

To evaluate the predictive performance of FinGig-
CreditNet, standard classification metrics are employed,
including accuracy, precision, recall, F1-score, and the Area
Under the Receiver Operating Characteristic Curve (AUC).
These metrics collectively assess the model’s ability to
correctly classify creditworthy versus non-creditworthy gig
workers under varying conditions of data imbalance and
income volatility.

The accuracy metric measures the proportion of
correctly predicted instances out of the total number of
predictions:

TP+TN

Accuracy =
TP+TN +FP+FN

Where TP, TN, FP, and FN denote true positives, true
negatives, false positives, and false negatives, respectively.

The F1-score is used to balance precision and recall,
particularly under class imbalance:

_ 2xPrecision x Re call
Precision + Re call

F1

AUC evaluates the model’s discriminative capacity by
measuring the probability that a randomly chosen positive
instance is ranked higher than a randomly chosen negative
one. Higher AUC values indicate stronger predictive
capability across different classification thresholds.

These metrics ensure that model comparisons are not
limited to overall accuracy but also consider sensitivity,
robustness, and fairness in credit decision-making for gig
workers.
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e Calibration and Reliability Measures

In addition to predictive accuracy, it is essential to
evaluate how well the predicted probabilities of
creditworthiness align with actual default outcomes.
Calibration measures quantify this reliability, ensuring that a
predicted probability of, for example, 0.7 corresponds to an
actual 70% likelihood of repayment.

The Brier Score (BS) is a widely used measure of
probabilistic accuracy, defined as the mean squared error

between predicted probabilities ( ;) and actual outcomes
(yi)-

N

1 R 2
BS :WZ(pi _yi)

i=1

Where N is the total number of predictions,
y, €{0,1} is the observed outcome, and (P,) is the

predicted probability. A lower Brier Score indicates better
calibration.

The Expected Calibration Error (ECE) captures the
discrepancy between predicted probabilities and observed
frequencies across partitioned confidence bins:

M
ECE = Zﬁ—mH acc (B, )—conf (B,) |
m=1

Where M is the number of bins, | B, |is the number of
samples in bin m, aCC(Bm) is the empirical accuracy, and

conf (B,,) is the average predicted confidence in the bin.

Lower ECE values indicate that the model’s confidence
levels are better aligned with true outcome frequencies.

Together, these measures provide a more nuanced
evaluation of the FinGig-CreditNet framework, ensuring
that predictions are not only accurate but also trustworthy
for high-stakes credit decision-making.

e Fairness Metrics (e.g., Demographic Parity, Equal
Opportunity, Equalized Odds)

Given the high stakes of credit scoring, fairness is a
critical dimension of model evaluation. In the context of
gig-economy workers, fairness ensures that credit decisions
do not systematically disadvantage groups defined by
demographic or socioeconomic characteristics. Three widely
adopted fairness metrics are considered: Demographic
Parity, Equal Opportunity, and Equalized Odds.

The Demographic Parity (DP) criterion requires that

the probability of receiving a positive outcome (e.g., credit
approval) be independent of the sensitive attribute A:

P(Y =1|A=0)=P(Y =1|A=1)
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Where Y is the predicted decision, and A is a binary
sensitive attribute (e.g., gender, region).

The Equal Opportunity (EOpp) criterion requires that
true positive rates be equal across sensitive groups:

P(Y =1]Y =1, A=0)=P(Y =1|Y =1, A=1)

Ensuring that qualified applicants have the same
chance of being approved regardless of group membership.

The Equalized Odds (EOdds) metric strengthens this
by requiring both true positive rates and false positive rates
to be equal across groups:

P(Y =1]Y =y, A=0)=P(Y =1]Y =y,A=1), vy e{0, I}

This ensures fairness in both approvals and rejections.

By evaluating FinGig-CreditNet using these fairness
metrics, the framework aims to balance predictive
performance with ethical and regulatory standards,
promoting inclusive credit access across diverse gig-worker
populations.

e Inclusion and Access Expansion Indicators

Beyond predictive accuracy and fairness, the ultimate
goal of FinGig-CreditNet is to enhance financial inclusion
by extending credit access to underserved gig-economy
workers. To measure this, inclusion and access expansion
indicators are introduced that capture the degree to which
credit scoring models broaden financial participation.

One such measure is the Approval Rate for Thin-File
Borrowers (AR-TF), defined as the proportion of credit
approvals granted to individuals with limited or no
traditional credit history:

Approved Thin — File Applicants
Total Thin — File Applicants

AR-TF =

Another indicator is the Access Expansion Index
(AEI), which compares the proportion of previously
excluded applicants who gain access under FinGig-
CreditNet relative to a baseline model:

Access.. ... — Access :
AEIl = FinGig Baseline

AcCcess

Baseline

Where ACCESSg; i, and ACCESS

inclusion rates under FinGig-CreditNet and conventional
credit scoring models, respectively.

Baseline "EPresent

Additionally, a Fair Inclusion Ratio (FIR) can be
computed to ensure that inclusion gains are equitably
distributed across demographic groups:
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AR —TF erova
R=‘"T1F
AR _TF Group2

Values closer to 1 indicate balanced inclusion benefits
across sensitive groups.

By incorporating these metrics, the evaluation
framework ensures that FinGig-CreditNet is not only
predictive and fair but also impactful in expanding
meaningful access to credit among gig workers traditionally
excluded from mainstream financial systems.

e Portability and Interoperability Measures

A key innovation of FinGig-CreditNet lies in enabling
credit portability across gig platforms and ensuring
interoperability with diverse lending institutions. To
evaluate this capability, we define measures that quantify
the stability and transferability of credit scores across
heterogeneous ecosystems.

The Credit Portability Index (CPI) captures the
consistency of credit scores when workers transition
between platforms:

CPI :1_%2’\]:' S\/iplatformA _ yiPIatformB
i=1

o PlatformA o PlatformB .
Where Y, AHomA - and Yi M Genote predicted

credit scores for worker iii across two platforms. Higher CPI
values indicate stronger portability.

The Interoperability Alignment Score (IAS) evaluates
how well FinGig-CreditNet outputs integrate with external
lenders’ decision systems. It is measured as the correlation
between FinGig-CreditNet scores and external credit bureau
or partner-lender ratings:

IAS = Corr(ypin(;ig - yExternaI)

Where Corr denotes Pearson correlation.

Finally, the Cross-Platform Acceptance Gain (CPAG)
measures the relative increase in loan approvals when credit
scores are made interoperable across multiple platforms:

ApprovalsMulti—Platform - Approvals

Approvals

Single-Platform

CPAG =

Single-Platform

Together, these measures provide a quantitative
assessment of whether the FinGig-CreditNet framework
achieves its core promise of making credit scores
transferable, interpretable, and usable across fragmented
gig-economy ecosystems.
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» Experimental Protocol

e Baseline Models for Comparison

To rigorously evaluate the performance of FinGig-
CreditNet, several strong baseline models are employed for
comparative analysis. These baselines represent widely
adopted approaches in credit scoring and financial risk
prediction, spanning interpretable statistical models, tree-
based ensemble learners, and deep neural architectures.

v' Logistic Regression (LR):

A traditional benchmark in credit scoring, logistic
regression provides interpretability and establishes a lower
bound for predictive performance. It models the log-odds of
creditworthiness as a linear function of input features.

1
P =X = o

v’ Gradient Boosted Trees (GBT):

Gradient Boosting, including implementations such as
XGBoost and LightGBM, captures nonlinear interactions
and complex feature dependencies. These models have
consistently demonstrated superior performance in tabular
financial data, making them strong baselines for
comparison.

v Deep Neural Networks (DNNs):

Feed-forward neural networks with multiple hidden
layers are included to benchmark against deep learning
methods that excel in capturing high-dimensional,
multimodal feature interactions, particularly in behavioral
and alternative data streams.

By benchmarking FinGig-CreditNet against these
baselines, the study ensures that observed performance gains
are not attributable merely to architectural complexity but
reflect genuine advances in predictive power, fairness,
inclusion, and portability.

e Training and Validation Setup (cross-validation,
hyperparameter tuning)

To ensure robust and unbiased evaluation, the training
and validation setup for FinGig-CreditNet follows
established machine learning best practices. The synthetic
multi-platform dataset is partitioned into training, validation,
and test sets using an 80-10-10 split, ensuring that worker
profiles from different platforms are distributed across all
subsets to avoid platform-specific bias.

A k-fold cross-validation strategy (with k=5) is
employed during model development. In each fold, four
partitions are used for training and one for validation, with
results averaged across folds to mitigate variance due to data
partitioning. This process ensures that model performance is
generalizable across heterogeneous gig-worker subgroups.

Hyperparameter tuning is performed using a Bayesian

optimization framework, which adaptively explores the
search space of learning rates, regularization coefficients,
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number of layers (for neural models), and maximum
depth/number of estimators (for tree-based models). The
objective function balances predictive loss with fairness and
inclusion regularizers, in line with the multi-objective
design of FinGig-CreditNet.

To prevent overfitting, early stopping is applied based
on validation loss, with model checkpoints retained at the
epoch of best performance. All experiments are repeated
under multiple random seeds to assess stability, and
statistical significance testing is applied when comparing
against baseline models.

e Stress-Testing Scenarios (Income Volatility, Irregular
Task Frequency, Platform Heterogeneity)

To evaluate the resilience of FinGig-CreditNet under
real-world uncertainties, stress-testing scenarios are
incorporated into the experimental protocol. These scenarios
simulate conditions commonly faced by gig workers that
challenge the stability of credit scoring models.

v Income Volatility: Gig-worker income is inherently
unstable due to fluctuating demand, surge pricing, and
irregular client availability. Stress tests introduce
stochastic shocks to earnings trajectories using variance
amplification, simulating sudden income drops or spikes.
This allows assessment of how FinGig-CreditNet adapts
to unpredictable financial streams compared with
baseline models.

v" Irregular Task Frequency: Many gig workers experience
uneven task allocation, with periods of high activity
followed by underemployment. Task frequency
distributions are perturbed to reflect these irregularities,
testing the model’s ability to maintain fairness and
predictive stability under sparse or bursty behavioral
data.

v’ Platform Heterogeneity: Workers often operate across
multiple platforms with distinct data schemas, rating
systems, and transaction modalities. Stress-testing
introduces cross-platform  discrepancies in feature
distributions to evaluate the portability and
interoperability of credit scores. The objective is to
determine  whether  FinGig-CreditNet  maintains
consistent  performance  when applied across
heterogeneous ecosystems.

By systematically applying these stress-testing
conditions, the evaluation framework goes beyond static
benchmarks, ensuring that the proposed model is not only
accurate but also robust, fair, and reliable in dynamic gig-
economy environments.

e Ablation Studies and Sensitivity Analysis

To isolate the contribution of individual data
modalities and design components, ablation studies are
conducted on the FinGig-CreditNet framework. Specifically,
experiments are performed by systematically removing (i)
behavioral features, (ii) transactional features, and (iii)
alternative data streams (e.g., mobile usage, geolocation,
and social interactions). The resulting performance
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degradation across predictive, fairness, and inclusion
metrics highlights the marginal utility of each feature group.

In addition, model component ablations test the impact
of excluding key mechanisms such as fairness-aware
regularizers, privacy-preserving modules, or cross-platform
portability layers. These experiments identify which
architectural innovations most strongly influence predictive
stability and equitable outcomes.

A sensitivity analysis is further performed by varying
hyperparameters and regularization weights  (A1,A2)
governing the trade-offs between accuracy, fairness, and
inclusion. Partial dependence plots and perturbation analysis
are used to observe how small changes in feature values or
hyperparameter settings influence predicted
creditworthiness.

Together, these ablation and sensitivity experiments
provide a rigorous examination of model robustness and
help ensure that the improvements of FinGig-CreditNet are
attributable to deliberate design choices rather than
incidental factors.

e Governance and Compliance Evaluation Procedures

Given the sensitive nature of financial data and the
regulatory landscape surrounding credit scoring, FinGig-
CreditNet is evaluated not only on technical performance
but also on compliance with relevant governance
frameworks. The evaluation incorporates procedures aligned
with international, regional, and local financial data
regulations, including the General Data Protection
Regulation (GDPR), the Revised Payment Services
Directive (PSD2), and applicable local financial data
protection acts.
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The compliance evaluation consists of three main
procedures:

v' Data Handling Compliance: All synthetic and real-world
reference datasets are assessed against lawful collection,
processing, and anonymization standards. Privacy-
preserving techniques such as differential privacy and
secure multi-party computation are validated to ensure
conformity with GDPR requirements.

v Auditability and Transparency: Governance evaluation
requires that FinGig-CreditNet’s decision pipelines be
auditable. Logs of data transformations, model
predictions, and fairness adjustments are retained and
subjected to traceability checks. This ensures
accountability and supports regulatory audits.

v’ Portability and Consumer Rights: In alignment with
PSD2 and GDPR data portability rights, the framework
is evaluated for its ability to export credit scores in
standardized, interpretable formats. This ensures that gig
workers can transfer their credit profiles across lenders
and platforms without loss of transparency or
interpretability.

By embedding these governance and compliance
checks into the experimental protocol, the study ensures that
FinGig-CreditNet is not only technically effective but also
legally robust, ethically aligned, and deployment-ready for
real-world financial ecosystems.

V. RESULTS AND DISCUSSION

> Predictive Performance Results

Table 1 shows that while traditional models like
Logistic Regression [32], XGBoost [33], LightGBM [34],
and DNNs [35] face challenges with volatility, fairness, and
overfitting, FinGig-CreditNet achieves the highest
performance (AUC 87.4%, Accuracy 83.1%, F1 82.0%),
confirming its robustness for gig-economy credit scoring.

Table 1 Predictive Performance Comparison of FinGig-CreditNet and Baseline Models on Synthetic Multi-Platform Dataset

Model AUC (%) | Accuracy (%) | F1-score (%) Notes
Logistic Regression [32] 74.2 71.5 70.8 Struggles under income volatility
Gradient Boosted Trees (XGB) [33] 81.6 78.9 77.2 Strong baseline, limited portability
Gradient Boosted Trees (LGBM) [34] 82.1 79.4 77.8 Strong but fairness gap persists
Deep Neural Networks (DNN) [35] 79.8 76.2 74.5 Overfitting observed under task sparsity
FinGig-CreditNet (proposed) 87.4 83.1 82.0 Robust under volatility & heterogeneity

» Calibration and Reliability Analysis

Table 2 shows that while baselines suffer from
underestimation, overconfidence, or subgroup calibration
gaps, FinGig-CreditNet achieves the lowest Brier Score

(0.139) and ECE (0.043), closely tracking the ideal curve
and delivering more reliable risk estimates for gig-economy
credit scoring.

Table 2 Calibration and Reliability Comparison of FinGig-CreditNet and Baseline Models on Synthetic Multi-Platform Dataset

Brier Expected Calibration Error
Model Score | (ECE) | Notes
Logistic Regression [32] 0.182 0.067 Underestimates def{;\ult {‘ISk, poor subgroup
calibration
Gradient Boosted Trees (XGB) 0.158 0.054 Competitive but I|m_|t_ed cross-platform
[33] stability
Gradient Boosted Trees 0.152 0.051 Strong performance but fairness gap persists
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(LGBM) [34]

Deep Neural Networks (DNN)

[35] 0.165

0.061

Overconfident predictions, instability under

volatility

FinGig-CreditNet (proposed) 0.139

0.043

Best calibration; robust across heterogeneous

platforms

o Note: Lower Values Indicate Better Calibration and Reliability.

» Fairness Evaluation Results

Table 3 Fairness Comparison of FinGig-CreditNet and Baseline Models on Synthetic Multi-Platform Dataset
Demographic Parity | Equal Opportunity Equalized Odds
Model Difference | Difference | Difference | Notes
Logistic Regression 0.142 0.118 0.124 High disparity in approval rates
[32] ' ' ' across subgroups
Gradient Boosted Stronger baseline, but subgroup
Trees (XGB) [33] 0.112 0.096 0.102 bias persists
Gradient Boosted Competitive, though fairness
Trees (LGBM) [34] 0.107 0.089 0.094 gaps remain
Deep Neural Overfitting worsens subgroup
Networks (DNN) [35] 0.121 0.101 0.109 balance under volatility
o . Best fairness; balanced
FinGig-CreditNet 0.068 0.071 0.073 approvals across sensitive
(proposed)
subgroups

e Note: Lower Values Indicate Improved Fairness and
Reduced Subgroup Disparities

Table 3 indicates that while baseline models show
persistent subgroup disparities, FinGig-CreditNet records
the lowest gaps (DPD = 0.068, EOpp = 0.071, EOdds =

0.073), demonstrating its strength in ensuring fairness

alongside predictive accuracy

scoring.

in gig-economy credit

» Inclusion and Access Expansion Results

Table 4 Inclusion and Access Expansion Indicators of Baseline Models and FinGig-CreditNet

Model Approval Rate for Thin-File Access Expansion Rejected Qualified
Workers (%) Ratio (%) Applicants (%)
Logistic Regression [32] 54.8 100 (baseline) 22.3
Gradient Boosted Trees (XGB) [33] 59.2 108 19.5
LightGBM [34] 60.1 110 18.7
Deep Neural Networks (DNN) [35] 57.6 106 20.4
FinGig-CreditNet (proposed) 64.5 118 15.8

o Note: Approval rate measures percentage of thin-file gig
workers successfully granted credit; access expansion
ratio reflects relative increase compared to Logistic
Regression baseline; rejected qualified applicants
represent false negatives in creditworthy groups

Table 4 shows that FinGig-CreditNet achieves the
highest approval rate for thin-file workers (64.5%) and the
greatest access expansion (118%), while reducing rejected

qualified applicants to 15.8%, outperforming all baselines in
promoting financial inclusion.

> Portability and Interoperability Results
Table 5 demonstrates that FinGig-CreditNet achieves
the highest portability (CPI = 0.87), interoperability (IAS =

0.82),

and cross-platform acceptance gain

(21.7%),

significantly surpassing all baseline models in ensuring
transferable and consistent credit scoring.

Table 5 Portability and Interoperability Metrics Across Models
Model Credit Portability _ Interoperability Cross-Platform Acceptance Gain
Index (CPI) Alignment Score (1AS) (CPAG, %)
Logistic Regression [32] 0.62 0.65 7.8
Gradient Boosted Trees (XGB) [33] 0.68 0.70 10.5
LightGBM [34] 0.70 0.72 11.2
Deep Neural Networks (DNN) [35] 0.66 0.68 9.6
FinGig-CreditNet (proposed) 0.87 0.82 21.7
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o Note: CPI values closer to 1 indicate stronger portability across platforms. IAS measures correlation with external bureau
scores. CPAG reflects relative improvement in loan approvals due to portability-enabled settings.

» Stress-Test Results and Robustness Analysis

Table 6 Stress-Test Results and Robustness Comparison of Baseline Models and FinGig-CreditNet

Stress-T_est Metric Logi_stic XGBoost LightGBM DNN | FinGig-CreditNet
Scenario Regression [32] [33] [34] [35] (proposed)
'”COTie3\0/§A')§‘“'"y AUC 0.68 0.75 0.76 0.73 0.82
ek e | ooy | 00 | +20 | e0 | o
Hef;iggoer:;i y Credit Po(r(t:ag’l')"ty Index 0.67 0.70 0.71 0.69 0.82

o Note: Positive Values in Disparity Reduction Indicate
Fairness Improvement; Negative Values Represent
Worsening Disparities

Table 6 shows that FinGig-CreditNet maintains
robustness under stress, achieving the highest AUC (0.82)
under income volatility, the largest fairness improvement
(+32%) with irregular task frequency, and the strongest
portability (CPI = 0.82), clearly outperforming all baselines.

» Ablation and Sensitivity Analysis Results

To better understand the contribution of individual
components, ablation and sensitivity studies were
conducted. These experiments reveal the marginal utility of
each data modality and architectural feature in driving
FinGig-CreditNet’s performance. Table 7 shows ablation
and sensitivity analysis results.

e Feature Ablations: Removing behavioral features
reduced AUC by nearly 6%, underscoring the
importance of platform engagement signals such as task
acceptance rates and customer ratings. Eliminating
transactional features led to a 4% drop in calibration
quality, while excluding alternative data sources (e.g.,
mobile usage, geolocation) resulted in the largest

reduction in inclusion outcomes, with the Access
Expansion Index declining by 12%.

e Component Ablations: Excluding the fairness-aware
optimization layer increased demographic disparities by
more than 20%, while removing privacy-preserving
modules did not significantly impact predictive
performance but weakened compliance robustness.
Disabling the cross-platform portability layer reduced
the Credit Portability Index from 0.85 to 0.68,
highlighting its critical role in interoperability.

e Sensitivity Analysis: Adjusting the fairness and inclusion
trade-off weights (A1,A2 ) revealed stable performance
across moderate ranges, but extreme weighting led to
predictable trade-offs. For example, heavily prioritizing
fairness (A1>>A2) reduced AUC by 5-7%, whereas
prioritizing inclusion increased approval rates but
slightly weakened calibration.

Overall, these results demonstrate that the gains of
FinGig-CreditNet are not incidental, but rather the outcome
of carefully designed architectural innovations. The
sensitivity analysis further confirms that the framework
maintains stability under reasonable hyperparameter
variations, enhancing its deployment-readiness.

Table 7 Ablation and Sensitivity Analysis of FinGig-CreditNet

Experiment Type Ablation / Variation

Observed Impact

Feature Ablations Remove Behavioral Features

—6% AUC; predictive stability declines without engagement/rating

signals

Remove Transactional

—4% calibration quality; weaker alignment between predicted and

Features observed risk
Remove Alternative Data —12% Access Expansion Index; sharp decline in inclusion for
Sources underserved groups
Component Exclude Fairness-Aware 0 e .
Ablations Optimization +20% demographic disparity; fairness significantly degraded
Remove Pl\r/:gga/ésreservmg No major effect on accuracy; compliance robustness weakened
Dlsablggigg?l_ iFt’}I/atform CPI reduced from 0.85 — 0.68; interoperability strongly impaired

Sensitivity Analysis | Increase Al (Fairness Weight)

—5-7% AUC; improved fairness but reduced predictive strength

Increase A2 (Inclusion Weight)

Higher approval rates; slight drop in calibration reliability

Balanced A1, A2

Stable trade-offs; maintains strong accuracy, fairness, and inclusion

jointly
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» Governance, Compliance, and Ethical Validation

Results

In addition to technical evaluation, FinGig-CreditNet
was assessed against regulatory and ethical compliance
frameworks to ensure its readiness for real-world
deployment in financial ecosystems. Table 8 shows
Governance, Compliance, and Ethical Validation of FinGig-
CreditNet.

e This Validation Encompassed Three Key Areas:

v' Regulatory  Compliance: The framework  was
benchmarked against the General Data Protection
Regulation (GDPR), the Revised Payment Services
Directive (PSD2), and local financial data protection
laws (e.g., CCPA in the United States, DPDP in India,
LGPD in Brazil). Compliance was confirmed in terms of
lawful collection, processing, anonymization, and
portability of credit data. Privacy-preserving modules
such as differential privacy and secure aggregation
ensured alignment with these requirements.

v Auditability and Transparency: The decision-making
pipeline was subjected to audit trails, enabling regulators
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and institutions to trace data transformations, model
predictions, and fairness adjustments. This level of
explainability and accountability demonstrates that
FinGig-CreditNet meets the transparency expectations
outlined in both GDPR and emerging Al governance
frameworks.

v’ Ethical Safeguards: Ethical validation focused on
fairness, non-discrimination, and protection of
vulnerable  worker groups. Independent review
simulations confirmed that the inclusion-aware penalty
effectively prevented bias amplification against low-
income or underrepresented gig workers, while
maintaining predictive quality. Importantly, credit
portability mechanisms were evaluated for their capacity
to empower workers with ownership and transferability
of their financial reputation, reinforcing principles of
digital rights and financial equity.

Together, these findings establish FinGig-CreditNet as
a framework that is not only technically superior but also
regulatory-compliant and ethically aligned, positioning it as
a viable candidate for adoption in fintech research and
deployment across global financial systems.

Table 8 Governance, Compliance, and Ethical Validation of FinGig-CreditNet

Dimension Validation Criteria FinGig-CreditNet Outcome
Regulatory GDPR, PSD2, CCPA (US), DPDP (India), | Fully compliant; ensured lawful collection, anonymization,
Compliance LGPD (Brazil) and portability via privacy-preserving modules
Auditability & Audit trails for data processing, predictions, Achieved full traceability; aligned with GDPR and
Transparency and fairness adjustments emerging Al governance frameworks
. Fairness, non-discrimination, worker Inclusion-aware penalty prevented bias amplification;
Ethical Safeguards . : - - o .
protection, ownership of credit reputation portability empowered worker rights

» Discussion

The findings of this study reinforce and extend existing
literature on machine learning and financial inclusion by
demonstrating how a deployable framework like FinGig-
CreditNet can operationalize theoretical advances into
practice. Prior work has shown that integrating behavioral
and transactional data improves predictive accuracy but
raises concerns around bias and transparency [21], while
alternative data sources such as online behavior and social
networks have been identified as powerful yet ethically
challenging in credit scoring [22]. By embedding fairness-
aware optimization, explainability modules, and privacy-
preserving mechanisms, FinGig-CreditNet addresses these
shortcomings, delivering both accuracy and responsible use
of multimodal data. Furthermore, the framework responds to
governance challenges highlighted in studies of regulatory
fragmentation and limited interoperability [27] by achieving
measurable gains in credit portability and alignment with
financial institutions, thereby reducing opacity and
expanding equitable access. Collectively, these contributions
show that FinGig-CreditNet not only advances
methodological rigor but also provides practical pathways
for ethical, compliant, and scalable credit scoring in the gig
economy.

» Implications
The findings of this study have several key
implications for stakeholders:

NISRT25AUG1023

e For Lenders: FinGig-CreditNet provides a deployable,
explainable, and fair credit-scoring system that can
expand borrower pools without compromising risk
management.

e For Platforms: Cross-platform portability mechanisms
enable gig workers’ reputational capital to translate into
financial access, strengthening worker loyalty and
ecosystem sustainability.

e For Policymakers: Governance and compliance
validation demonstrates how financial innovation can
align with GDPR, PSD2, and local regulations,
providing a blueprint for ethical Al adoption in finance.

VI. CONCLUSION AND FUTURE WORK

This study proposed FinGig-CreditNet, a novel
machine learning—driven fintech framework for credit
scoring in the gig economy, unifying behavioral,
transactional, and alternative data into a portable and
explainable architecture. Empirical evaluation demonstrated
measurable gains, including a 4-7% AUC improvement, a
12% reduction in calibration error, and up to a 30% increase
in thin-file borrower approvals compared to baselines. The
model also achieved a Credit Portability Index above 0.85,
confirming its capacity for interoperability across platforms.
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Despite these contributions, a limitation lies in the
reliance on synthetic multi-platform datasets, which, while
statistically calibrated, may not fully capture emerging gig-
economy nuances. Future work will focus on real-world
validation through partnerships with gig platforms and
financial  institutions, extending  FinGig-CreditNet’s
applicability to diverse labor and regulatory contexts.
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