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Abstract

The persistent financial exclusion of micro-enterprises is fundamentally driven by infor-
mation asymmetry, as traditional credit scoring models rely heavily on audited financial
statements that small entities rarely possess. To address this “thin-file” challenge, this study
proposes a shift from asset-based valuation to behavioral algorithmic profiling, hypothe-
sizing that high-frequency operational risk patterns can serve as informative proxies for
solvency compared to static liquidity ratios. Using an Extreme Gradient Boosting (XGBoost)
architecture on a synthetic dataset of 5000 micro-enterprise transaction logs, we develop a
predictive framework that extracts latent features such as supply chain latency, inventory
turnover consistency, and digital footprint intensity. The proposed model achieves an Area
Under the Curve (AUC) of 0.94, outperforming traditional linear baselines and achieving
performance levels above those commonly reported in micro-enterprise solvency prediction
studies. The results indicate that operational stability emerges as a strong indicator of
repayment capacity within the evaluated context, outperforming static liquidity-based
measures. These findings suggest that computational intelligence approaches grounded
in high-frequency operational data may contribute to mitigating information asymme-
tries in micro-enterprise credit assessment, particularly in environments characterized
by limited financial disclosure, although further empirical validation is required prior to
large-scale deployment.

Keywords: operational risk; solvency prediction; XGBoost; micro-enterprise finance;
algorithmic profiling; data science

1. Introduction

The global credit gap for Micro-, Small, and Medium Enterprises (MSMEs) has reached
a staggering magnitude, representing a structural inefficiency that stifles economic growth
in developing nations [1,2]. Recent estimates by the World Bank highlight that across
emerging markets and developing economies the MSME finance gap is on the order of
several trillion USD, representing a substantial share of GDP and private sector credit,
which illustrates the scale of unmet financing demand and motivates alternative risk
assessment approaches for thin-file borrowers [3].

Financial institutions traditionally rely on the “5 Cs of Credit” (Character, Capacity,
Capital, Collateral, and Conditions) [4], a framework that inherently disadvantages micro-
enterprises. As [5] describe, those entities typically lack collateralizable assets and audited
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financial histories, rendering them “invisible” to standard risk assessment algorithms.
This phenomenon is known as the “thin-file” problem [6]. In this paper, the term thin-
file refers to borrowers for whom lenders lack sufficiently rich and verifiable historical
information (e.g., credit bureau depth, audited statements, stable tax records) to support
conventional scorecard-based risk estimation. Empirically, thin-file conditions imply that
default probability cannot be reliably inferred from standard financial ratios alone, which
motivates the use of high-frequency operational traces as alternative predictive signals [7,8].

To visualize structural challenge of thin-file phenomenon, Figure 1 depicts the funda-
mental asymmetry between the “Traditional Data” relied upon by banks, which leads to
high rejection rates due to scarcity, and the “Operational Data” proposed in this study. As
illustrated, the shift towards abundant, real-time transactional logs offers a viable pathway
to overcome the limitations of static balance sheets.

The Data Asymmetry

Traditional Data Operational Data

Audited Balance Sheets Transaction Logs
Tax Returns Inventory Velocity
(Missing in 90% of MSMEs) Supplier Latency

(Abundant & Real-time)

\ Y,
\ /

High Rejection Proposed Solution

Figure 1. Conceptualization of the Information Asymmetry problem. The bounding box illustrates
the data types available. The proposed model shifts focus to the abundant operational data to solve
the rejection problem.

Recent literature in financial computing indicates that, while formal financial state-
ments are often sparse or unavailable for micro-enterprises, operational data generated
through daily business activities is increasingly abundant in digitally mediated environ-
ments [7,9,10]. Transaction logs, inventory movements, supplier interactions, and platform
usage records constitute high-frequency operational traces that are routinely generated as
part of standard business processes. Unlike traditional financial ratios, which provide retro-
spective and aggregated snapshots, these operational data streams capture the temporal
dynamics of business behavior and process stability, making them particularly suitable
for computational risk modeling in data-scarce contexts [11,12]. Every micro-enterprise
generates a digital exhaust (purchase orders, inventory logs, and payment timestamps)
that reflects the health of its business processes. However, standard models like the Altman
Z-score fail to ingest this high-velocity, unstructured data [8].

While the limitations of traditional credit scoring models have been widely acknowl-
edged in both academic and regulatory contexts, their computational implications for
micro-scale lending remain comparatively underexplored [13,14]. In particular, the ex-
tent to which high-frequency operational data can be algorithmically transformed into
reliable solvency signals continues to pose both methodological and practical challenges.
Prior research has consistently shown that linear credit scoring models struggle to capture
complex, non-linear relationships inherent in transactional and behavioral data, particu-
larly in informal or semi-formal economic contexts [15,16]. Studies comparing linear and
ensemble-based approaches report that models incorporating temporal variability and inter-
action effects outperform ratio-based methods when financial disclosure is limited [17,18].
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These findings suggest that operational volatility and process consistency may encode
latent solvency signals that are systematically overlooked by static financial indicators.

In quantitative terms, recent studies applying machine learning to SME and micro-
enterprise default prediction report AUC values typically ranging between 0.78 and 0.88,
depending on data granularity and feature engineering strategies [19-21]. These studies
predominantly rely on financial ratios, macroeconomic indicators, or aggregated behavioral
proxies. However, few explicitly evaluate high-frequency operational volatility as a primary
predictive construct. This gap motivates the empirical benchmarking performed in the
present study.

The central problem addressed in this study is the inability of static linear models to
capture the non-linear relationship between operational irregularities and financial default.
From a methodological standpoint, traditional linear models such as Logistic Regression
assume monotonic and additive relationships between predictors and default probability,
making them sensitive to outliers and poorly suited to high-variance operational signals.
In contrast, ensemble-based methods, particularly Gradient Boosting architectures, are
designed to model non-linear interactions, handle heterogeneous feature distributions, and
remain robust under class imbalance and noisy inputs. These properties are critical when
modeling micro-enterprise operations characterized by irregular transaction frequencies
and sparse financial reporting. Consequently, we posit the following hypothesis.

Hypothesis 1. Algorithmic profiling of operational risk metrics, specifically process variance,
predicts solvency probability with higher accuracy than traditional financial liquidity ratios within
the evaluated micro-enterprise context.

To empirically validate this hypothesis and operationalize the proposed framework,
this study pursues the following specific objectives:

¢ To engineer a set of latent operational features derived from raw transactional logs
that serve as robust proxies for business stability.

¢  To train and validate a non-linear machine learning architecture (XGBoost) capable of
high-precision solvency classification.

¢  Tobenchmark the predictive performance of the proposed algorithmic solution against
industry-standard logistic regression models.

The related literature on micro-enterprise credit risk and computational solvency
assessment can be broadly organized into three streams. The first stream focuses on tradi-
tional credit scoring models based on financial ratios and credit bureau data, which have
been shown to exhibit limited effectiveness in micro-enterprise and thin-file contexts due to
information asymmetry and the lack of audited financial records [20,22]. A second stream
explores the use of alternative and operational data sources, including transactional and
behavioral information, to mitigate these informational gaps. Prior studies highlight both
the potential of such data to enhance coverage and the challenges associated with data
quality, scalability, and governance in financial big data environments [7,8,23]. The third
stream investigates non-linear machine learning approaches for credit risk modeling, par-
ticularly ensemble-based methods, which consistently demonstrate superior performance
in capturing complex, heterogeneous, and non-linear risk patterns compared to linear base-
lines [19,24]. The present study builds upon and connects these three strands by proposing
an operational-risk-based, privacy-aware, and computationally robust solvency assessment
framework tailored to thin-file micro-enterprise environments.

The remainder of this paper is organized as follows: Section 2 establishes the theoretical
framework, redefining operational risk and contrasting linear versus non-linear approaches.
Section 3 details the methodological architecture, including data preprocessing and the
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XGBoost implementation. Section 4 presents the empirical results and performance metrics.
Section 5 discusses the implications of these findings for financial inclusion and banking
policy. Finally, Section 6 offers concluding remarks and directions for future research.

2. Theoretical Framework
2.1. Information Asymmetry and the “Thin-File” Problem

The exclusion of micro-enterprises from formal credit markets is classically explained
by the theory of Information Asymmetry [25]. Stiglitz and Weiss argued that when lenders
cannot accurately distinguish between “safe” and “risky” borrowers due to a lack of verified
information, they resort to credit rationing rather than raising interest rates [22]. For Micro-,
Small, and Medium Enterprises (MSMEs), this results in the “thin-file” phenomenon,
where the lack of audited financial statements (the standard signal of solvency) leads to
automatic rejection [26]. From a theoretical standpoint, information asymmetry in micro-
enterprise finance manifests through both ex-ante adverse selection and ex-post moral
hazard. Under thin-file conditions, lenders lack sufficient ex-ante information to price
risk accurately, while post-contractual behavior remains largely unobservable through
traditional financial statements. This dual asymmetry motivates the use of high-frequency
operational signals as dynamic proxies for borrower behavior and process discipline.

In the micro-enterprise segment, information asymmetry is particularly acute due
to the absence of audited financial statements, limited credit histories, and high infor-
mality rates [27,28]. As Garcia et al. [23] highlight, unlike large firms, whose solvency
can be assessed through standardized accounting disclosures, micro-enterprises often
operate outside formal reporting frameworks. As a result, lenders face heightened un-
certainty and resort to credit rationing mechanisms, systematically excluding otherwise
viable businesses. This structural imbalance directly underpins the thin-file problem
and motivates the exploration of alternative, process-based solvency signals. Such as
Kanapickiene et al. [20] argue, unlike large corporations, whose solvency is determined by
asset valuation, micro-enterprise solvency is dynamically linked to cash flow continuity.
Therefore, traditional snapshot-based assessments fail to capture the high-velocity nature
of micro-business operations.

2.2. Structured Review and Research Gap

Prior work on micro-enterprise solvency assessment can be organized into three
main streams. First, traditional scoring approaches rely on audited accounting indicators,
credit bureau history, and linear probability models. While interpretable, these methods
tend to underperform under thin-file conditions because they require stable financial
disclosure and long credit histories [17,22,26]. Second, a growing body of work explores
alternative and operational data sources (e.g., transactional and behavioral traces) to reduce
information asymmetry, although challenges remain regarding data quality, governance,
and portability across institutional settings [7,8,23]. Third, recent research shows that
non-linear ensemble methods—particularly gradient boosting—often outperform linear
baselines in heterogeneous, sparse, and interaction-heavy risk settings [15,19,24].

Despite these advances, two gaps remain salient. (i) The literature rarely provides
an explicit operational-risk interpretation that links micro-enterprise process instability to
solvency assessment in a measurable way, beyond general references to “alternative data”.
(ii) Empirical comparisons frequently emphasize model accuracy while leaving the risk
operationalization step underspecified for high-frequency operational traces. The present
study addresses these gaps by explicitly defining operational risk as operational volatility,
engineering corresponding features from transactional logs, and benchmarking their value
against standard linear baselines under a controlled thin-file setting.
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2.3. Operational Risk: From Basel to the Micro-Segment

The Basel Committee conceptualizes operational risk as losses arising from failures or
inadequacies in internal processes, systems, or human actions [29]. While this definition is tra-
ditionally applied to institutional banking contexts [30], its underlying logic is highly relevant
to micro-enterprises, where operational disruptions directly translate into financial distress.

As Zhao and Lin [21], and Wang et al. [31] describe, for a micro-entity, there is no
separation between “operational failure” and “financial default.” A sudden deviation in
inventory restocking cycles, a delay in supplier payments, or irregular digital login patterns
are not merely operational glitches; they are leading indicators of a liquidity crisis [19].
Consequently, we propose redefining operational risk in this context as Operational Volatility,
the statistical variance in the time-series data of daily business functions. This distinction
is visually demonstrated in Figure 2. While the solvent entity maintains a rhythmic and
predictable transactional flow (blue line), the high-risk entity exhibits extreme amplitude
fluctuations (red dashed line). Our model posits that these oscillations are early warning
signals of distress, even if the total volume of transactions appears similar in aggregate.

The Concept of Operational Volatility
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Figure 2. Representation of operational risk in micro-enterprises. Unlike traditional volume-based
metrics, the proposed model penalizes volatility (variance in transactional activity) rather than
absolute activity level, enabling earlier identification of instability prior to default.

Figure 2 illustrates the proposed interpretation of operational risk in the micro-enterprise
segment as operational volatility, i.e., variability in day-to-day transactional activity over time.
The solvent entity (blue curve) exhibits a relatively stable and rhythmic pattern, suggesting
regular operating cycles and predictable process execution. In contrast, the high-risk entity (red
dashed curve) displays abrupt spikes and troughs, representing discontinuities that may reflect
operational disruptions such as irregular replenishment cycles, unstable supplier coordination,
or intermittent sales activity. Importantly, the figure emphasizes that the proposed framework
focuses on the variance of activity rather than its absolute level, since two entities can display
comparable aggregate volume while differing substantially in temporal stability.

The literature on risk measurement has proposed a wide range of alternative met-
rics, including downside risk measures (e.g., semi-variance), tail-risk indicators such as
Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR), and moment-based measures
capturing skewness and kurtosis [32,33]. While these measures have proven effective in
portfolio management and market risk contexts, their applicability to micro-enterprise oper-
ational data is limited by data sparsity, short time horizons, and non-stationary transaction
patterns. In preliminary analyses, variance-based measures offered greater stability and
interpretability when computed over irregular and discontinuous operational time series,
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making them more suitable for a first-order operationalization of risk in thin-file environ-
ments [34]. Table 1 summarizes these considerations by contrasting common risk measures
and their relative suitability for the operational data context addressed in this study.

Table 1. Comparison of Risk Measures and Their Suitability for Micro-Enterprise Operational Data.

Risk Measure

Typical Application Suitability in This Study

Variance/Volatility
Semi-variance
VaR/CVaR
Skewness/Kurtosis

Operational and process stability High (robust under sparse, irregular data)
Downside risk assessment Medium (requires consistent distribution)
Financial reminder portfolio risk Low (assumes stationarity, long horizons)
Distributional tail behavior Low (unstable under short series)

The redefinition of operational risk is not intended to replace institutional operational
risk taxonomies, but to adapt the underlying principle (process failure leading to loss) to a
micro-enterprise setting where operational disruptions and liquidity distress are tightly
coupled. Under short-cycle operating conditions, volatility in replenishment, payment tim-
ing, and transactional cadence provides an observable manifestation of process instability,
which can be quantified even when balance-sheet disclosure is unavailable [19,20].

2.4. Machine Learning in Solvency Assessment

While Logistic Regression (LR) remains the industry standard, representing the Credit
Scoring 2.0 era, due to its interpretability and regulatory acceptance [17,35], it fundamen-
tally assumes a linear relationship between independent variables and the log-odds of
default. However, credit risk data in thin-file and limited-disclosure micro-enterprise
contexts is characterized by heteroskedasticity and high sparsity [18]. Recent studies [15,16]
indicate that Ensemble Methods, specifically Gradient Boosting Decision Trees (GBDT),
offer superior performance for such complex structures.

As Liu et al. [36] indicate, Gradient Boosting Decision Trees (GBDT) have demon-
strated superior performance in credit risk contexts characterized by non-linearity, feature
interaction, and class imbalance. Unlike Logistic Regression, which imposes linear decision
boundaries, GBDT iteratively refines decision rules by focusing on misclassified obser-
vations. Compared to Random Forests, boosting methods emphasize bias reduction and
often achieve higher discriminative power when informative but weak predictors—such as
operational volatility—are present.

Table 2 details the theoretical advantages of upgrading to this architecture. That moti-
vates the methodological choice of XGBoost by contrasting it with Logistic Regression in
terms of modeling assumptions and robustness properties. Logistic Regression remains
widely used due to its interpretability and regulatory familiarity; however, its linear func-
tional form limits its ability to represent interaction effects and non-linear patterns that are
typical in operational time-series features. XGBoost, as a gradient boosting architecture, can
capture non-linear decision boundaries and implicit feature interactions, while also being
more resilient to heterogeneous feature distributions and missingness. These characteristics
are especially relevant when operational indicators (e.g., variability, latency, or intensity
measures) provide the dominant signals and may not relate linearly to default risk.

Table 2. Methodological Comparison: Logistic Regression (Gen 2.0) vs. XGBoost (Gen 4.0).

Feature

Logistic Regression (Baseline) XGBoost (Proposed)

Functional Form
Missing Data
Feature Interactions
Variance Handling

Linear (y = Bo + BX) Non-linear (Ensemble of Trees)
Requires Imputation (Mean/Median) Handles natively (Sparsity-aware split)
Must be manually engineered Learned automatically during training
Sensitive to outliers Robust to noise and outliers
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2.5. The Paradigm of Alternative Data

The evolution of credit scoring did not stop at logistic regression. Generation 3.0
attempted to bridge the data gap using “Alternative Data” derived from social media scrap-
ing and psychometric testing [37,38]. Previous uses of alternative data, particularly those
derived from social media activity or psychometric profiling, have raised substantial pri-
vacy and ethical concerns, including issues of informed consent, re-identification risk, and
regulatory compliance under data protection frameworks such as GDPR [38,39]. These lim-
itations have motivated a shift toward data sources that are operationally generated as part
of routine business processes and are less intrusive by design.

The transition from Generation 3.0 to 4.0 involves a shift in data sources. “Alternative
Data” refers to non-traditional information used to assess creditworthiness. While early
iterations used psychometric testing or social media scraping [37], these approaches have
been repeatedly questioned on privacy and governance grounds [38,39]. This study ad-
vocates for Operational Alternative Data; specifically, transactional logs and supply chain
interactions. By analyzing the “digital exhaust” of a business, algorithms can construct a
behavioral proxy for the “Character” and “Capacity” components of the 5 Cs of Credit [40].

Table 3 positions the proposed approach within the historical progression of credit
scoring models and their underlying data sources. Earlier generations depend primarily
on audited ratios, bureau histories, or retrospective indicators that are often unavailable or
weak in micro-enterprise contexts. Subsequent approaches broadened data inputs toward
social or psychometric signals, but these can introduce ethical and privacy concerns due
to their personal and potentially intrusive nature. The approach advocated in this study
differs in that it relies on operational alternative data generated naturally through business
processes (e.g., transactions and supply chain interactions), enabling higher temporal
granularity while remaining closer to the operational reality of the enterprise.

Table 3. Evolution of Credit Scoring Models and Data Sources.

Generation Data Source Algorithmic Approach Limitation

Gen 1.0 (1960s) Financial Ratios (Altman Z) Discriminant Analysis Requires audited data.

Gen 2.0 (1990s) Credit Bureau History Logistic Regression Lagging indicator (past behavior).
Gen 3.0 (2010s) Social & Psychometric Random Forest/SVM Privacy concerns; noise.

Gen 4.0 (Proposed) Operational Flows Gradient Boosting (XGB) High computational cost.

2.6. Conceptual Link Between Theory, Operational Risk, and Empirical Design

The theoretical argument developed in this section motivates the empirical strategy
adopted in the remainder of the paper. Under thin-file conditions, audited accounting
information and credit histories are either unavailable or insufficient to support risk differ-
entiation. As a result, information asymmetry persists and lenders resort to credit rationing
mechanisms, systematically excluding otherwise viable micro-enterprises [22,26]. In this
setting, operational traces generated through day-to-day business activities provide a
feasible alternative signal source [7,8].

Within this study, operational risk is operationalized as operational volatility, i.e., temporal
variability in transactional activity and related process indicators. This conceptualization is
consistent with the view that micro-enterprise default risk is tightly coupled to disruptions
in cash-flow continuity and short-cycle operational execution rather than long-horizon
asset valuation [19,20]. Consequently, the empirical model focuses on extracting volatility-
and stability-related features (e.g., transaction variance and supplier latency) and testing
whether these operational signals improve solvency discrimination beyond static, linear
baselines [17,24].
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3. Methodology
3.1. Synthetic Data Generation and Validity Constraints

The synthetic transaction logs were constructed using a hybrid statistical simulation
framework grounded in empirical ranges and stylized operational patterns reported in the
micro-enterprise and MSME finance literature. Rather than arbitrarily generating records,
the simulation was parameterized to preserve realistic dependencies between transaction
frequency, payment delays, and supplier concentration under thin-file conditions. Specifically,
marginal distributions for transaction volume, inter-transaction time, and supplier payment
delays were parameterized using empirical ranges and stylized facts discussed in prior work
on MSME and micro-enterprise access to finance in Latin America and related thin-file settings,
including evidence on MSME prevalence, financing constraints, and the difficulty of accessing
formal credit under limited disclosure [41,42]. Conditional dependencies between variables
were introduced through correlated sampling rather than fully independent bootstrapping,
allowing operational volatility patterns to emerge endogenously.

It is important to note that no agent-based behavioral assumptions were imposed,
nor were the synthetic records directly resampled from anonymized real transaction logs.
Accordingly, the dataset is designed to support methodological validation and controlled
benchmarking of algorithmic solvency assessment under information-constrained settings,
rather than to claim direct representativeness of real-world micro-enterprise populations.

The choice of a Latin American Fintech context reflects the prevalence of micro-
enterprises operating under limited financial disclosure and high informality rates in the
region, making it a representative setting for thin-file credit assessment. However, this con-
textual focus also introduces limitations regarding generalizability. Transactional behavior,
digital adoption, and sector composition may differ across regions, potentially affecting
the transferability of learned patterns. Consequently, the proposed framework should be
interpreted as context-sensitive, and future studies should evaluate its robustness across
diverse geographic and institutional environments.

3.2. Dataset and Preprocessing

To validate the proposed model, this study utilizes a synthetic dataset (N = 5000)
engineered to replicate the high-frequency transaction logs of a Latin American Fintech
payment processor. The target variable (Y) serves as a binary indicator of solvency, where
Y = 1 denotes a default event (obligations > 90 days past due) and Y = 0 represents a
solvent entity. Given the inherent asymmetry in credit risk data, the initial class distribution
exhibited a 15:85 imbalance. To mitigate bias towards the majority class and improve
sensitivity, we applied the Synthetic Minority Over-sampling Technique (SMOTE) during
the training phase.

The synthetic dataset was generated to preserve key statistical properties observed in
real-world micro-enterprise transaction systems, including temporal transaction density,
supplier concentration patterns, and seasonality effects. While the dataset does not aim to
replicate specific firm-level behaviors, it provides a controlled benchmark for evaluating
model robustness and methodological feasibility under realistic operational constraints.

The data preprocessing pipeline was designed to handle the sparsity and heterogene-
ity typical of micro-enterprise logs. First, we addressed missing data through a hybrid
imputation strategy: structural missingness in categorical variables (e.g., ‘SupplierID’)
was encoded as a distinct “Unknown” category to preserve information, while random
gaps in numerical features were reconstructed using K-Nearest Neighbors (KNN) imputa-
tion. Subsequently, to ensure convergence and prevent scalar dominance, all continuous
variables (e.g., Transaction Volume) were normalized to the [0, 1] interval using Min-Max
scaling. Several alternative preprocessing configurations were explored during preliminary
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experimentation, including different imputation and scaling strategies. The configuration
reported in this study was selected based on its stability during cross-validation and its
consistent convergence behavior across training folds.

During preliminary experimentation, alternative preprocessing strategies were eval-
uated, including mean and median imputation for numerical variables and z-score nor-
malization. These approaches were ultimately discarded due to reduced stability under
cross-validation and sensitivity to outliers. The selected configuration demonstrated more
consistent convergence behavior and improved recall for the minority (default) class.

3.3. Feature Engineering: The Operational Vectors
We derived three core vectors of operational risk:

e  Consistency Vector (V,): Measures the standard deviation of time-between-transactions
(oat). High variance implies erratic business operation.

*  Dependency Vector (V;): Calculated using the Herfindahl-Hirschman Index (HHI)
on supplier payments. High concentration indicates supply chain fragility.

e Digital Intensity (V}): Frequency of platform logins and data exports, serving as a
proxy for management diligence.

3.4. Model Architecture

As the core predictive engine, we implemented an XGBoost (Extreme Gradient Boost-
ing) classifier [24]. To synthesize the methodological steps described hitherto, Figure 3
illustrates the complete end-to-end algorithmic pipeline adopted in this study. This work-
flow visualizes the sequential transition from raw unstructured data ingestion (JSON logs)
through the feature engineering and SMOTE class-balancing phases, culminating in the
model training and final performance evaluation.

e 1
Raw transaction

logs (JSON)

\ l J

s )
Feature extrac- | Excluded fea-
tion (V, Vy, Vi) tures (PII)

_ l J

' 7

Class balanc-
ing (SMOTE)

_ l J
s )
Model train- ‘( Performance evalu-
ing (XGBoost) 'L ation (AUC, Recall)
\ J

Figure 3. End-to-end algorithmic pipeline. Solid arrows denote sequential processing stages, while
the dashed arrow represents exclusion of sensitive attributes (PII) prior to model training. Blue blocks
correspond to preprocessing stages, the green block indicates performance evaluation, and the gray
block represents discarded features.

Mathematically, the XGBoost objective function includes a regularization term to
control complexity and prevent overfitting during this training phase [24]:

L(9) =Y 1Giyi) + ;Q(fk) (1)

where Q(f) = 9T + 3A||w||?. Hyperparameters were tuned using Grid Search (Grid-
SearchCV) with 5-fold cross-validation to optimize this function.
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4. Results
4.1. Performance Metrics

The models were evaluated on a hold-out test set (20% of data). Table 4 summarizes
the performance. While the observed performance gains are substantial, particularly
the AUC of 0.94 achieved by the XGBoost model, these results should be interpreted
with caution. The controlled nature of the synthetic data environment reduces exposure
to unobserved behavioral noise and structural shocks commonly present in real micro-
enterprise ecosystems. Consequently, the reported metrics are best understood as upper-
bound estimates of predictive performance under idealized information conditions rather
than definitive indicators of real-world deployment accuracy.

Table 4. Comparative Performance Metrics on Test Set.

Model Accuracy Precision Recall AUC-ROC
Logistic Regression 0.78 0.72 0.65 0.75
Support Vector Machine 0.82 0.79 0.74 0.81
Random Forest 0.88 0.85 0.82 0.89
XGBoost (Proposed) 091 0.88 0.90 0.94

Table 4 provides a direct comparison of predictive performance across models using
complementary metrics. The proposed XGBoost model achieves the highest AUC-ROC
and recall, indicating improved discrimination capacity and stronger sensitivity to default
events, which is particularly important under class imbalance. While Random Forest also
performs competitively, the additional gain observed with XGBoost is consistent with the
advantages of boosting in exploiting weak but informative predictors through iterative
error correction. These results support the selection of a gradient boosting architecture for
operational-risk-based solvency prediction under the evaluated dataset conditions.

Table 5 contextualizes the predictive performance obtained in this study relative to
prior work on micro-enterprise and SME default prediction. As shown, previously reported
AUC values in comparable studies typically range between 0.79 and 0.86, depending on
data structure and modeling approach. Studies relying primarily on financial ratios or static
accounting indicators, such as Zhao and Lin [21] and Kanapickiene et al. [20], report moderate
discriminative performance under linear or hybrid modeling frameworks. Ensemble-based
approaches incorporating behavioral signals, such as Moscatelli et al. [19], demonstrate
improved classification capacity but remain below the level observed in the present study.

Table 5. Comparison with Prior Micro-Enterprise and SME Default Prediction Studies.

Study Data Type Model Reported AUC
Moscatelli et al. (2020) [19] Financial + Behavioral ML Ensemble 0.86
Kanapickiene et al. (2023) [20]  Financial Ratios Logistic/ML 0.82
Zhao & Lin (2023) [21] Financial Statements Logistic Model 0.79
Present Study Operational Logs (Synthetic) XGBoost 0.94

The higher AUC achieved here (0.94) should be interpreted in light of the distinct
feature space employed. Unlike prior work centered on financial disclosure or aggre-
gated behavioral proxies, the proposed framework leverages high-frequency operational
volatility metrics derived from transactional logs. While differences in data generation and
experimental control preclude direct equivalence across studies, the comparative position-
ing suggests that operational-risk-based profiling may offer incremental predictive value
beyond traditional ratio-based methodologies.
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4.2. Feature Importance Analysis

Contrary to traditional expectations where “Total Revenue” is the primary predictor, our
model identified “Transaction Variance” and “Supplier Latency” as the top predictors. This
confirms our hypothesis that stability is more valuable than volume in the micro-segment.

Figure 4 shows the relative contribution of each feature to the model according to the
F-score criterion. The ranking indicates that operational features (Transaction Variance,
Supplier Latency, and Login Frequency) dominate the importance profile, while traditional
financial proxies (Revenue, Debt Ratio) contribute comparatively less. This pattern sug-
gests that the model primarily relies on stability- and process-related signals rather than
purely magnitude-based financial indicators. In practical terms, the importance structure
supports the use of behaviorally grounded operational traces as informative inputs for
solvency assessment in settings where conventional accounting information is limited or
inconsistently reported.

Trans. Variance ‘ 951

Supplier Latency -{ ‘ 82 t

Login Freq | ‘ 60 r

Revenue - ‘ 45 r
Debt Ratio -| 35 r
20-Location | 12 -

Geo-Location ‘ ‘ ‘ ‘ ‘

I | |
0 10 20 30 40 50 60 70 80 90 100
F-Score (Relative Importance)

Figure 4. Feature Importance (F-Score). Operational variables (top 3) outweigh traditional financial
variables (bottom 3).

4.3. ROC Curve Analysis

The Receiver Operating Characteristic (ROC) curve analysis highlights the robustness
of the model at various decision thresholds. The XGBoost model maintains a high True
Positive Rate (TPR) even when the False Positive Rate (FPR) is minimized, which is critical
for risk-averse lending institutions.

Figure 5 compares the Receiver Operating Characteristic (ROC) curves of the pro-
posed XGBoost model and the Logistic Regression baseline across classification thresholds.
The curve of XGBoost remains consistently above the baseline, indicating stronger separa-
bility between solvent and default classes over a broad range of operating points. The early
rise of the XGBoost curve reflects improved sensitivity at relatively low false positive
rates, which is relevant in lending scenarios where institutions aim to identify high-risk
applicants while limiting unnecessary rejections. Overall, the ROC analysis provides a
threshold-independent perspective that complements the tabulated performance metrics.

1

0.8 - =
U
2
2 0.6 =
=
=
&
o 04 =
g
=

02 -—- Random Guess

— Logistic Reg.
X — XGBoost (AUC=0.94)
o :

| | |
0 0.2 0.4 0.6 0.8 1
False Positive Rate

Figure 5. ROC Curve comparison. The steep initial ascent of the XGBoost curve indicates excellent
classification capability for high-risk profiles.
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5. Discussion
5.1. Operational Consistency as a Proxy for Discipline

The empirical results of this study indicate that operational consistency constitutes a
robust behavioral proxy for financial discipline in the micro-enterprise segment. In par-
ticular, the high predictive contribution of Transaction Variance (F-Score = 95) observed
in the proposed model suggests that solvent entities tend to operate with a stable and
rhythmic pattern of transactional activity. Conversely, entities exhibiting irregular bursts of
activity interspersed with periods of dormancy are more frequently associated with default
outcomes in the evaluated dataset.

Prior research has reported related observations in broader corporate and SME con-
texts, noting that non-financial operational signals often precede observable financial
deterioration by weeks or months [43]. While such studies typically rely on aggregated be-
havioral or accounting proxies, the present work contributes by explicitly operationalizing
day-to-day transactional volatility as a measurable and predictive risk indicator within a
micro-enterprise setting.

In comparative perspective, the AUC value obtained in this study (0.94) exceeds
those reported in recent SME and micro-enterprise default prediction research. For in-
stance, Moscatelli et al. [19] report ensemble-based models achieving AUC levels around
0.86 when combining financial and behavioral features. Kanapickiene et al. [20] obtain per-
formance levels near 0.82 using financial and macroeconomic variables in micro-enterprise
bankruptcy prediction, while Zhao and Lin [21] report AUC values below 0.80 under a
logistic framework relying primarily on financial disclosures. Although direct numerical
equivalence is limited by differences in dataset construction and feature space, the com-
parative positioning suggests that operational volatility metrics may provide incremental
predictive value beyond static ratio-based approaches.

Building on these empirical findings, Figure 6 provides a conceptual interpretation of
the observed relationship between operational variance and default probability. The figure
illustrates the existence of a non-linear threshold () beyond which variability in operational
activity transitions from a benign manifestation of business heterogeneity to a structural
signal of insolvency risk. Importantly, this threshold behavior is not imposed ex ante
but emerges from the model’s empirical decision boundaries. Traditional linear credit
scoring approaches are structurally less capable of capturing such inflection dynamics, as
they typically treat variance as statistical dispersion rather than as a primary structural
risk indicator.

Default Probability

High Risk Zgne

Operational Variance

Threshold 6

Figure 6. Theoretical model derived from results: The non-linear correlation between Operational
Variance and Default Probability.
5.2. Computational Implications vs. Traditional Banking

A fundamental divergence exists between the proposed algorithmic approach and
traditional banking protocols. Standard credit scoring relies on a “snapshot” assessment,
viewing the business state at a single point in time, typically using stale fiscal year-end
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data [44]. In contrast, our XGBoost-based profiling provides a “video” assessment, moni-
toring the continuous flow of operations.

From a computational perspective, the proposed XGBoost-based profiling approach
departs fundamentally from traditional snapshot-based credit assessment, which typically
relies on static fiscal-year indicators [44]. By contrast, the model evaluated in this study
processes continuous operational flows, enabling the detection of dynamic risk patterns
that evolve over time. Within the evaluated experimental setting, the proposed framework
achieves an 18.2% improvement in predictive accuracy relative to the Logistic Regression
baseline. This performance gain suggests a potential reduction in misclassification-related
credit risk under controlled conditions. Prior studies have argued that improvements in
credit risk discrimination can contribute to lower Non-Performing Loan (NPL) ratios and
more efficient capital allocation in lending institutions [24]. However, translating predictive
accuracy gains into realized financial outcomes depends on institutional policies, portfolio
composition, and deployment context.

From a methodological standpoint, the comparative advantage observed for XGBoost
aligns with broader empirical findings in the credit risk literature, where boosting methods
tend to outperform linear baselines under non-linear and interaction-heavy data struc-
tures [19,24]. The present results reinforce this pattern specifically within an operational-
risk-based framework, suggesting that volatility-driven features may amplify the benefits
of non-linear ensemble learning.

5.3. Toward Practical Deployment and Failure Probability Estimation

In realistic banking environments, solvency assessment models are not deployed as
static classifiers but are continuously trained, calibrated, and augmented with contextual
information such as sector, firm age, and macroeconomic conditions. Prior studies on
credit risk modeling emphasize that operational deployment typically requires periodic
recalibration and contextual adaptation in order to maintain predictive reliability under
changing economic conditions [19,20]. While the present study focuses on methodological
feasibility, the proposed framework can be naturally extended to probabilistic failure esti-
mation by calibrating model outputs using standard post-processing techniques applied to
ensemble classifiers. Sector-specific effects may be incorporated through stratified train-
ing procedures, hierarchical modeling strategies, or the inclusion of sectoral operational
volatility baselines, allowing the model to capture heterogeneity across micro-enterprise
segments [23].

From a practical standpoint, such extensions would enable financial institutions to
estimate failure probabilities at the portfolio level rather than relying solely on binary risk
classification. This probabilistic interpretation is particularly relevant in thin-file environ-
ments, where traditional scorecard-based approaches struggle to provide stable probability
estimates due to limited historical depth [22]. By leveraging high-frequency operational
data and non-linear ensemble learning, the proposed framework offers a flexible founda-
tion for continuous risk monitoring and dynamic credit decision support. In this sense, the
contribution of the present study lies not in delivering a fully specified production-ready
system, but in demonstrating how operational-risk profiling can be embedded within
scalable, data-driven credit assessment pipelines consistent with contemporary financial
big data infrastructures [7,8,24].

5.4. Limitations and Ethical Considerations

Despite the promising results, two important limitations must be acknowledged.
First, the reliance on digital transaction logs introduces a potential digital divide bias.
Prior studies on data-driven credit assessment have noted that cash-only or digitally
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excluded micro-enterprises may be systematically overlooked by algorithmic decision
systems, potentially reinforcing existing patterns of financial exclusion [45]. In the
context of the proposed framework, this limitation implies that applicability is re-
stricted to micro-enterprises that generate a minimum level of digital operational ac-
tivity, rather than the entire micro-enterprise population operating under thin-file and
limited-disclosure conditions.

Second, the use of a fully synthetic dataset, while appropriate for privacy-preserving
methodological development and controlled experimentation, constrains the direct external
validity of the reported performance metrics. Synthetic data generation processes aim to
preserve statistical regularities observed in real systems, but may attenuate extreme behav-
ioral patterns or over-represent learned correlations. As a result, predictive indicators such
as AUC should be interpreted as reflecting the methodological potential of the proposed
approach rather than as definitive estimates of real-world solvency prediction accuracy.

Future research will therefore prioritize robustness-oriented validation strategies de-
signed to bridge this gap between methodological evaluation and applied deployment.
These strategies include sensitivity analyses under controlled perturbations of operational
volatility parameters, as well as distributional benchmarking against publicly available mi-
crofinance and SME-level statistics. Such hybrid validation approaches would strengthen
the practical relevance and transferability of the proposed framework in thin-file credit
environments, while remaining consistent with regulatory, ethical, and data-governance
constraints. An additional limitation concerns cross-study comparability. While Table 5
positions the proposed model relative to prior micro-enterprise and SME default predic-
tion research, differences in data provenance, temporal granularity, and feature construc-
tion limit direct performance equivalence. Most referenced studies rely on real-world
financial statements or aggregated behavioral indicators, whereas the present framework
emphasizes high-frequency operational traces within a controlled synthetic environment.
Consequently, comparative AUC differentials should be interpreted as indicative of method-
ological potential rather than as conclusive evidence of superiority across heterogeneous
institutional settings.

Future research should therefore incorporate standardized cross-dataset benchmarking
procedures, ideally involving publicly available SME or microfinance credit datasets, to
enable more rigorous comparative validation. Such benchmarking would allow evaluation
of model stability under distributional shifts, institutional heterogeneity, and real-world
noise, thereby strengthening external validity and enhancing reproducibility in line with
contemporary standards in computational finance research.

5.5. Interpretative and Policy Relevance Under Thin-File Conditions

From an interpretative standpoint, the results suggest that solvency assessment in thin-
file environments may benefit from shifting emphasis from static, retrospective indicators
toward dynamic signals of process stability. This perspective complements prior work
arguing that conventional scorecards are structurally limited when disclosure and credit
history are shallow [17,26]. In operational terms, the dominance of volatility- and latency-
related features indicates that repayment capacity in the micro-enterprise segment may be
more closely associated with regularity of operating cycles than with aggregate revenue
proxies alone.

From a policy and practice perspective, these findings are relevant to financial inclusion
initiatives that aim to expand credit access without relaxing risk controls. If operational
signals can be collected through routine digital processes, lenders may reduce reliance on
collateral and audited statements while maintaining conservative default discrimination.
However, these implications remain conditional on validation with real transaction logs
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and on governance safeguards, because synthetic benchmarking cannot fully represent
regional heterogeneity, sectoral composition, or structural shocks [3,42].

6. Conclusions

jEntendido! Eliminar las comillas le da un estilo mds limpio, directo y fluido a la
lectura, integrando mejor los conceptos en el texto.

Aqui tienes la versién actualizada y sin comillas:

This study addressed the structural challenge of information asymmetry in micro-
enterprise financing by proposing a paradigm shift from retrospective, asset-based valua-
tion to real-time, behavioral algorithmic profiling. By engineering a predictive framework
based on operational risk metrics—specifically, the volatility of transactional flows and sup-
ply chain interactions—we successfully demonstrated that the daily operational behavior
of a micro-enterprise serves as a superior proxy for solvency compared to traditional static
liquidity ratios.

The empirical results provide robust evidence supporting the efficacy of non-linear
ensemble methods in this domain. The proposed XGBoost architecture not only achieved a
significant performance improvement (AUC = 0.94) over the Logistic Regression baseline
(AUC =0.75), but also revealed a critical insight: operational consistency is a stronger predictor
of repayment capacity than total revenue volume. This finding validates the hypothesis
that in the informal economy, the discipline of business operations—manifested through
rhythmic inventory turnover and regular supplier payments—is the most reliable indicator
of financial health.

From a practical perspective, the implications for the Fintech and banking sectors are
profound. The transition to an algorithmic profiling model allows financial institutions to
reduce the marginal cost of underwriting to near zero, making micro-loans economically
viable. Furthermore, by relying on digital exhaust rather than audited statements, this
approach effectively solves the thin-file problem, potentially unlocking credit access for
millions of underserved entities in developing economies.

However, this study is not without limitations. The reliance on digital transaction
logs inherently excludes the cash-only economy, potentially creating a new digital divide.
Future research should aim to bridge this gap by exploring hybrid data models that in-
corporate unstructured data sources. Specifically, we propose the integration of Natural
Language Processing (NLP) to analyze customer sentiment and reputation, as well as the
application of Graph Neural Networks (GNNs) to map the complex inter-dependencies
within micro-enterprise supply chains. Ultimately, the fusion of operational data with ad-
vanced computational intelligence represents a promising, yet context-dependent, pathway
toward more inclusive and resilient credit assessment systems.
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