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Abstract

This work presents a real-time default-detection model integrating streaming behavioral signals,
including app usage dynamics, repayment timing, transaction irregularities, and short-term income
proxies. The model is built on 2.7 million active loan accounts with second-level event streams. A
streaming-enabled ensemble classifier (online gradient boosting + incremental random forest) is
deployed with a sliding window of 7 days. The model predicts impending 30-day delinquency with
an ROC-AUC of 0.89 and reduces detection delay by 9.2 days on average. Incorporating real-time
behavioral drift scores improves early-warning accuracy by 24.4%. The system demonstrates the
feasibility of continuous credit-risk monitoring using high-velocity behavioral data.

Keywords: streaming learning; behavioral analytics; early-warning system; consumer credit; real-
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1. Introduction

Early identification of credit deterioration has become a central task for banks, fintech firms, and
regulators as an increasing share of consumer lending shifts to mobile and online platforms. Digital
credit systems now generate large volumes of behavioural traces, including repayment clicks, in-app
interactions, and fine-grained transaction records. These data enable a transition from periodic risk
reviews to near-continuous monitoring of borrowers’ financial conditions. Recent evidence shows
that machine-learning models can outperform traditional scorecards when they exploit non-linear
patterns and interaction effects in rich behavioural features [1,2]. In parallel, supervisory guidance
following recent financial disruptions has placed greater emphasis on early-warning indicators,
adverse-condition monitoring, and ongoing portfolio surveillance rather than reliance on ex post
delinquency outcomes [3]. Together, these developments increase the demand for risk models that
operate at high frequency and remain stable at portfolio scale.

A large body of work examines machine-learning approaches to credit scoring and default
prediction. Tree-based ensembles, gradient boosting, and related methods consistently outperform
logistic regression and other linear benchmarks across a wide range of consumer credit datasets, often
achieving substantial gains in ROC-AUC and recall [4]. Recent studies further demonstrate that
combining multi-source, high-dimensional features with structured selection procedures can
materially improve early default prediction in consumer credit, particularly when behavioural,
transactional, and contextual data are jointly exploited [5]. These results highlight the importance of
feature richness and selection design for early-risk detection. However, most existing models are
trained in batch form and scored at fixed intervals, typically using application data, bureau records,
or monthly account snapshots. As a result, they struggle to capture rapid changes in borrower
behaviour that occur between reporting cycles. To improve timeliness, several studies frame credit-
risk modelling as an early-warning problem. Early-warning systems (EWS) use statistical or machine-
learning models to flag accounts that may deteriorate before formal default thresholds are reached,
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supporting provisioning and portfolio control [6,7]. In consumer lending, recent work integrates
predictive models with explainability tools to identify accounts likely to enter delinquency within a
small number of instalments, underscoring the importance of transparency in early-warning settings
[8]. Research on online lending platforms also explores feature engineering and machine learning for
warning signals, but these approaches still rely largely on long-interval aggregates rather than live
behavioural streams [9]. Consequently, credit deterioration is often treated as a gradual process,
leaving short-term behavioural signals underutilised.

More recent studies begin to incorporate richer behavioural and transaction-level data. Evidence
shows that real-time payment activity, app-usage patterns, and alternative digital traces improve risk
assessment beyond traditional bureau information [10]. Dynamic scoring frameworks using
continuous behavioural inputs report improved robustness to distribution shifts and enhanced
predictive performance [11]. Sequence-based models that encode long payment histories or multi-
field behavioural trajectories further improve default prediction in inclusive-finance settings [12].
Behavioural features such as login frequency, usage intensity, and interaction timing have also been
shown to yield high recall for risky borrowers when used in tree-based models with interpretable
outputs [13]. Nevertheless, these approaches still rely primarily on periodic batch processing, and
second- or minute-level behavioural events are rarely modelled directly in production credit-risk
systems. Streaming-data research offers tools that are relevant to this problem but remain
underutilised in default prediction. Data-stream classifiers, adaptive ensembles, and sliding-window
methods have been developed to handle high-velocity data and evolving input—-output relationships
[14]. Concept drift —systematic changes in how features relate to outcomes —is recognised as a major
challenge, and adaptive learning frameworks that detect or accommodate drift are increasingly
common in general streaming applications [15]. New probabilistic and few-shot drift-detection
methods further reduce the need for labelled data [16]. However, most of these techniques are
evaluated on synthetic datasets or public benchmarks, and their application to real credit portfolios,
operational thresholds, and early-warning rules is still limited. In contrast, streaming analytics has
been adopted more extensively in fraud detection than in default prediction. Real-time fraud systems
combine high-throughput data ingestion with online models and anomaly-detection techniques to
flag suspicious activity within milliseconds [17]. Industry implementations demonstrate how
behavioural biometrics and vector-search techniques support real-time scoring at scale. By
comparison, most early-default studies continue to rely on batch learning, fixed-interval updates, or
portfolio-level indicators rather than real-time account-level risk monitoring [18]. This contrast
suggests that current credit-risk frameworks have not yet fully leveraged the potential of high-
frequency behavioural streams for early-warning purposes. These observations reveal several
limitations in the existing literature.

In the study, we develop a real-time early-default detection framework that integrates multi-
source behavioural event streams from 2.7 million active loan accounts. The proposed system
employs a streaming ensemble that combines online gradient boosting with an incremental random-
forest model under a seven-day sliding window. Account-level warning signals for upcoming 30-day
delinquency are generated by jointly modelling traditional risk factors and real-time behavioural drift
measures derived from deviations in recent usage and repayment patterns. Empirical evaluation
demonstrates strong discrimination performance, a reduction in detection delay of more than one
week, and clear incremental gains from incorporating behavioural drift features. By linking
streaming machine-learning methods with high-frequency behavioural data, this study provides
practical evidence that continuous, behaviour-aware credit-risk monitoring can enhance early-
warning capabilities in large-scale, high-velocity consumer lending environments.
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2. Materials and Methods
2.1. Sample and Study Setting

The study uses a dataset of 2.7 million active consumer-loan accounts from a national digital
lending platform. Each account includes detailed behavioral logs that record repayment actions, app-
usage sessions, small financial transactions, and short-term income signals at one-second resolution.
The observation period covers nine months. Only accounts with stable activity records for at least
180 days and verified repayment histories are retained. Accounts with missing timestamps,
corrupted logs, or unresolved dispute tags are removed to prevent bias in the analysis. The final
dataset reflects a typical high-frequency lending environment in which borrower actions are captured
through continuous mobile-based interactions.

2.2. Experimental Design and Control Group

The experiment compares real-time default detection with two traditional batch-learning
approaches. The main model is a streaming ensemble that combines online gradient boosting with
an incremental random-forest classifier. It updates model parameters whenever new events arrive
and uses a seven-day sliding window to reflect recent behavior. The control group includes a gradient
boosting decision tree and a logistic regression model, both trained on monthly aggregates without
real-time updates. All models use the same training period and are tested on later months to avoid
information leakage. This design isolates the benefit of streaming updates and high-frequency
behavioral data by contrasting them with methods commonly used in consumer-credit risk
assessment.

2.3. Measurement Procedures and Quality Control

Behavioral events are recorded through synchronized logs from both the mobile application and
the platform’s backend system. All events carry server-side timestamps to avoid errors caused by
device-clock drift. Repayment data include payment amounts, time differences from scheduled due
dates, and the channel used for payment. App-usage logs are cleaned to remove abnormal entries
caused by software failures or unstable network conditions. Income-related events, such as wage
deposits or gig-income inflows, are verified across transaction channels to reduce false positives.
Quality checks include daily log-consistency tests, removal of outliers using interquartile-range rules,
and verification that each user session has a valid start and end time. The labels for 30-day
delinquency follow the platform’s standard credit-risk rules and match the regulatory definition of
consumer-loan default.

2.4. Data Processing and Model Equations

Behavioral logs are processed as ordered event sequences within each sliding window. For every
account, short-term indicators are computed, including repayment timing gaps, app-usage intensity,
transaction variation, and income-inflow frequency. Drift indicators are derived by comparing these
recent patterns with each borrower’s long-term history. The streaming ensemble updates its
parameters gradually as new observations arrive. Model training minimizes a regularized logistic
loss written as [19]:

N
L(G)= E w; €, f(x;;0)+A1013,
i=1

where w; reflects event recency and A controls the penalty on large coefficients. Early-warning
quality is measured through a detection-delay index:

] M
D= M ? (tquert_l}(VME)’
j=1
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Where tfle“ is the first time an account exceeds the alert threshold and ™ is the time of the
borrower’s first missed payment. A smaller value indicates earlier recognition of deteriorating
accounts. All performance metrics, including ROC-AUC and precision in high-risk segments, are
computed on a temporal holdout set.

2.5. Computational Environment

Streaming models are deployed on a distributed event-processing system that receives
behavioral logs at one-second intervals. Online gradient boosting and incremental random forests
are implemented in Python with optimized C++ routines for fast updates. Data processing and testing
run on a cluster equipped with 64 CPU cores and 256 GB of RAM, which ensures that model updates
meet strict latency requirements. Batch-learning baselines are trained on separate computing nodes
to avoid interference with streaming operations. System logs track parameter updates and
configuration changes to ensure reproducibility across the study period.

3. Results and Discussion

3.1. Overall Classification Performance

On the temporal test set, the streaming ensemble reaches an ROC-AUC of 0.89 for predicting
30-day delinquency. The batch gradient-boosting model and the logistic baseline achieve 0.87 and
0.83, respectively. When accounts are ranked by predicted risk, the highest-risk 10% identified by the
streaming model contains about 3.1 times more future delinquencies than the portfolio average. The
lift for the batch gradient-boosting model is 2.4 under the same conditions. These results show that
the streaming model improves both overall discrimination and risk concentration in the upper deciles.
Similar improvements have been reported in recent credit-risk studies using large-scale bank datasets
[20,21].The ROC curve of the streaming ensemble lies above the two baselines across most false-
positive ranges, indicating better separation between defaulted and non-defaulted accounts.

Receiver Operating Characteristic (ROC) Curve

0.8 1

=]
o

True Positive Rate
o
-

0.2 1

0.0 z —— ROC Curve (AUC = 0.70)

0.0 0.2 0.4 0.6 08 10
False Positive Rate

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0866.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 January 2026 d0i:10.20944/preprints202601.0866.v1

5 of 7

Precision-Recall Curve

1.0 1

0.9 1

0.8 1

Precision
o
N

0.6 1

0.5 1

0.4 4 = PR Curve (AUC = 0.60)

0.0 0.2 0.4 0.6 0.8 10
Recall (True Positive Rate)

Figure 1. ROC curves of the streaming model and the two baseline models.

3.2. Early-Warning Lead Time

The main advantage of the streaming model lies in its ability to issue earlier alerts. When all
models are calibrated at the same false-positive rate, the streaming ensemble reduces the average
detection delay by 9.2 days compared with the batch gradient-boosting model. For more than half of
the accounts that become 30-day delinquent, the first alert appears at least one full billing cycle before
the missed payment. In contrast, the batch model often produces its first alert only after a late or
partial repayment has already been recorded. This pattern is strongest for borrowers whose behavior
changes quickly, such as a shift toward partial payments, frequent small cash advances, or irregular
income inflows. Similar benefits from continuous scoring have been documented in high-frequency
transaction-risk research [22].The streaming model’s distribution is shifted toward shorter delays,
confirming earlier identification of rising risk.
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Figure 2. Detection-delay distributions showing the earlier alerts from the streaming model.

3.3. Effect of Behavioral Streams and Drift Indicators

Ablation tests show that high-frequency behavioral features and drift indicators play a key role
in improving early detection. When drift-based variables are removed and only simple seven-day
aggregates of app usage, repayment amounts, and transaction counts are kept, the ROC-AUC drops
from 0.89 to 0.86. The share of accounts that receive at least one alert seven days before delinquency
also decreases by 24.4%.

The greatest decline appears in segments with unstable income proxies and irregular spending,
where the borrower’s condition changes in short intervals and long-term averages react too slowly.
These findings extend earlier behavioral-based credit-risk studies that rely mainly on batch updates
[23].

Unlike approaches that treat drift only as a stability issue, the present system converts deviations in
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recent usage and repayment patterns into real-time features, allowing the model to capture early
signs of financial stress.

3.4. Robustness and Comparison with Previous Work

The streaming ensemble maintains stable performance across product types, income groups,
and regions. ROC-AUC values remain between 0.87 and 0.90 across all major subgroups, and
calibration curves stay close to the diagonal. This indicates that the model provides consistent risk
estimates for different borrower categories. Tests with alternative window lengths show that a three-
day window reacts too quickly and creates noise, while a fourteen-day window smooths the signal
and delays alerts. The seven-day window used in the main analysis provides a balanced trade-off
between stability and timeliness. These results follow recent studies that highlight the importance of
selecting the right temporal resolution for high-frequency credit-risk data [24]. Compared with early-
warning systems built on monthly aggregates, the current method moves toward continuous
monitoring using second-level event data. It also aligns with current research on stream-based
classification in financial applications [25]. However, the study has limits: the data come from one
platform in a single market, macroeconomic effects are not included, and policy rules are assumed to
remain stable during the observation window. Future research should test similar streaming models
in different credit markets and evaluate how early-warning signals can support real-time limit
adjustments, pricing decisions, and supervisory stress tests.

4. Conclusion

This study shows that real-time use of second-level behavioral data can improve the early
detection of 30-day delinquency. The streaming model performs better than batch models and
provides earlier alerts for a large share of future delinquent accounts. Drift indicators also help by
capturing short-term changes in repayment behavior and daily activity that simple aggregates cannot
reflect. These results suggest that continuous monitoring can support faster risk response in digital
lending. The study is limited to one lender and does not test the effect of broader economic conditions
or policy changes. Future research should examine whether similar gains appear in other markets,
test how real-time scores influence credit decisions, and evaluate how such signals can be used in
stress testing and long-term portfolio management.
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