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Abstract

This study presents an explainable self-attention framework for predicting individual financial
vulnerability using large-scale longitudinal banking data. While achieving strong discriminative
performance (AUC-ROC =2 0.90), the model prioritises transparency through outcome-aware feature
attribution analysis across all prediction classes. Our results reveal that high-risk classifications are
driven by asymmetric “risk activation” triggered by financial and employment volatility, specifically
income variability and payment irregularity, rather than static demographic factors. Analysis of
misclassifications indicates that errors stem from structural limitations in evidence aggregation rather
than random noise. By linking predictive outcomes to underlying feature-level logic, this work
provides a scalable approach to high-stakes automated decision-making in financial risk assessment.

1 Introduction

Integrity prediction plays an important role in a wide range of real-world applications, including fi-
nancial risk assessment [4], recruitment screening [6], and fraud detection [3, [@]. In settings, automated
decision-making systems are increasingly relied upon to process large-scale behavioural and financial data.
Although modern machine learning models are capable of achieving strong predictive performance, they
often operate as black boxes, providing limited insight into how individual predictions are generated [7].
This lack of transparency poses significant challenges, as model outputs in integrity-related applications
can directly affect access to financial resources, welfare benefits, or regulatory scrutiny. Consequently,
strong aggregate performance metrics, such as accuracy or area under the ROC curve (AUC-ROC), alone
are insufficient. Stakeholders, including regulators, policymakers, and domain experts, require explana-
tions that clarify why a particular prediction is made and which factors contribute most strongly to the
decision.

In this project, we develop an explainable self-attention model [5 [§] for individual-level financial vul-
nerability prediction using large-scale longitudinal financial data provided by NatWest and Smart Data
Foundry [1I]. The task is formulated as a binary classification problem, where the model predicts, for
each individual and weekly observation, whether the individual exhibits vulnerability-related risk based
on observed financial and behavioural indicators. The proposed architecture demonstrates strong dis-
criminative capability on held-out test data, achieving high AUC-ROC [2], and precision. Rather than
treating predictive performance as the primary objective, this study systematically characterises the
model’s internal decision structure through outcome-aware feature attribution analysis.

By comparing attribution patterns across true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN), we directly examine both correct decisions and systematic errors. The anal-
ysis reveals stable structural properties of the model’s behaviour: high-risk predictions are driven by
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salient instability signals, while low-risk decisions arise when such signals fail to exceed implicit ac-
tivation thresholds. Financial and employment volatility emerge as dominant drivers of vulnerability
representation, and misclassifications reflect predictable limitations in evidence aggregation and thresh-
olding rather than random noise. Together, these findings enhance the interpretability and transparency
of high-stakes financial risk prediction models by systematically linking predictive outcomes to their
underlying feature-level decision structures.

2 Data Description

This study uses a large-scale longitudinal financial dataset provided by NatWest and Smart Data Foundry
[1], consisting of anonymised individual-level financial records derived from real-world banking data. All
records were processed using privacy-preserving anonymisation and de-identification procedures before
analysis.

The dataset spans the period from 4 August 2019 to 10 March 2024, and is aggregated into weekly
snapshots, with each observation representing a seven-day time window. In total, the dataset comprises
240 weekly snapshots and 1,437,900 individual-week records, stored in Apache Parquet format.

Each observation corresponds to a unique anonymised individual identifier (cid) and is represented by a
fixed-dimensional vector of 24 numerical features. These features capture multiple aspects of individual
financial behaviour and are grouped into four categories: demographic attributes, income composition,
expenditure structure, and financial stability indicators. A summary of the feature groupings is provided
in Table [Il All numerical features are standardised prior to model training to ensure scale consistency
and stable optimisation. Each weekly snapshot is treated as an independent input, and no explicit
temporal dependencies are modelled.

The prediction target is a binary variable, benefits, indicating whether an individual receives social
benefits within the corresponding weekly time window. This variable is not interpreted as a direct mea-
sure of individual integrity; rather, it serves as an observable proxy for financial vulnerability, enabling
scalable analysis of income instability and economic risk patterns.

Table 1: Summary of feature categories in the dataset.

Feature categories Description

Demographic features  Age band, sex, postal district
Income composition Total income; salary, benefits, pension,
investment, interest, and other income
Expenditure structure Total, essential, committed, discretionary,
quality-of-life, and uncategorised expenditure
Financial stability Salary events, salary coefficient of variation,
income variability, payment interval, unemployment status,
income source

Prediction target benefits (binary)

3 Methodology

3.1 Model Architecture

This study employs a self-attention neural network architecture [5, 8] to model individuals’ financial
and employment-related characteristics and to perform binary classification. Each input sample consists
of a fixed-dimensional vector of 24 standardized numerical features, covering demographic attributes,
income composition, expenditure structure, and financial stability indicators. Each weekly aggregated
observation is treated as an independent sample, and no explicit temporal dependency is modeled.
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Figure 1: The XAI framework for explainable financial risk assessment.

To capture interactions among heterogeneous financial features, the model applies a self-attention mecha-
nism along the feature dimension. Unlike conventional sequential transformers, the attention mechanism
operates across feature dimensions, enabling the model to capture interactions among heterogeneous
financial attributes. By projecting input features into a shared latent space and modeling their depen-
dencies through multi-head attention, the architecture can learn complex, non-linear relationships that
are difficult to represent using linear models or shallow neural networks. Stacking multiple self-attention
layers further enhances the model’s capacity to capture higher-order feature interactions.

The output representations from the self-attention layers are aggregated and passed to a linear classifi-
cation head to generate binary predictions. Model parameters are optimized by minimizing the cross-
entropy loss function. All input features are standardized prior to training, and dropout is disabled in
the final configuration to ensure stable internal representations and consistent post-hoc explainability.

3.2 Explainability Methods

To enhance transparency of the model’s decision-making process, we employ a feature-level explainabil-
ity method aligned with the self-attention architecture [5] (Figure [1)). For each individual prediction,
the model computes relevance scores that quantify the contribution of each input feature to the final
classification output. For systematic evaluation, samples are grouped according to predicted labels and
ground-truth outcomes into true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN). Within each group, relevance scores are aggregated across samples to obtain average
feature-level attribution values. Features are then ranked according to the magnitude of their aggre-
gated relevance scores, and the eight most influential features for each outcome group are identified and
visualized.

This outcome-aware aggregation enables direct comparison of dominant feature contributions across cor-
rect and incorrect predictions. By focusing on high-magnitude attribution signals, the analysis highlights
the structural drivers of model decisions and reveals systematic patterns associated with misclassification.

4 Results

4.1 Predictive Performance



We first evaluate the predictive performance of the proposed 10- RoC Curve
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test set. As shown in Figure 2] the model achieves strong
overall performance, with an AUC-ROC close to 0.90 and an 081
accuracy exceeding 0.84. These results indicate substantial
aggregate discriminative ability on large-scale longitudinal fi-
nancial data, suggesting that the model effectively separates
positive and negative classes at the population level.
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of false positives and false negatives. As a result, aggregate

performance metrics alone are insufficient to fully characterise model behaviour, motivating a more de-
tailed examination of how individual features contribute to both correct and incorrect predictions across
different outcome categories.
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4.2 Explainability Analysis Across Prediction Outcomes

Motivated by the limitations of aggregate performance metrics discussed above, this section investigates
the internal decision logic of the proposed model through outcome-aware feature attribution analysis
grounded in individual-level weekly financial data. Using aggregated relevance scores computed over more
than one million weekly observations, we examine how different categories of input features contribute to
predictions across true positive, true negative, false positive, and false negative outcomes. For clarity and
interpretability, Figure [3| visualises the top eight features with the largest absolute average attribution
values for each outcome group and Table [2| summarises the key findings, which are discussed in the
following paragraphs. This visualisation strategy highlights the most influential drivers of the model’s
decisions while suppressing low-impact features that contribute minimally at the aggregate level.

Table 2: Summary of Outcome-Aware Attribution Analysis

Decision Mecha- Observed Attribution Pattern Structural Implication
nism

Asymmetric Risk TP: High concentration on specific fea- The model functions as a risk detector,

Activation tures (e.g., income variability). not a balanced evaluator. Low risk is
TN: Uniformly weak attribution across defined by the absence of instability sig-
all top features. nals, not the presence of protective fac-

tors.

Volatility Domi- High Impact: Temporal instability = Vulnerability is represented as dynamic

nance (income variability, payment intervals, instability rather than static socioeco-
unemployment). nomic status. Consumption is only rel-
Low Impact: Static demographics evant when aligned with volatility.
(age, sex) and absolute income levels.

Error Aggregation FP: Driven by narrow, isolated spikes Misclassification arises from signal inte-
in volatility features. gration limits: the model over-reacts to
FN: Characterised by diffuse, low- isolated noise (FP) and fails to aggre-
intensity signals across multiple fea- gate distributed weak evidence (FN).
tures.

Rather than interpreting outcome-specific attribution profiles in isolation, we synthesise evidence across
outcomes to identify stable structural patterns in how the model activates, suppresses, and aggregates
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Figure 3: Top feature attribution profiles across prediction outcomes.

risk-related information. The resulting attribution patterns are consistent with a predominantly risk-
activation-based decision structure, in which high-risk predictions are associated with concentrated in-
stability signals, whereas low-risk predictions typically occur when such signals remain below implicit
activation thresholds. Importantly, these observations should be interpreted as structural regularities in
attribution behaviour rather than definitive evidence of a single underlying mechanism. In addition, mis-
classification patterns appear to reflect systematic limitations in evidence aggregation and thresholding
under sparse positive labels, rather than purely random variation.

Finding A: High-risk predictions are driven by asymmetric risk activation rather than
balanced evidence evaluation.

The attribution patterns indicate that the model does not symmetrically evaluate evidence for positive
and negative classes at the level of weekly financial snapshots. In true positive cases, Figure a) shows
that attribution mass is highly concentrated in a small subset of features, with income variability, pay-
ment interval irregularity, unemployment status, and income source dominating the relevance rankings.
In contrast, true negative predictions in Figure b) display uniformly weak attribution magnitudes
across the top-ranked features, despite the visualisation focusing on the eight most influential variables.
This contrast indicates that correct low-risk decisions do not rely on strong counteracting or protective
signals, but instead emerge when no weekly instability indicator exceeds the model’s implicit activation
threshold. A closely related attribution structure appears in false negative cases shown in Figure d),
where benefit receipt occurs within the week but risk-related signals remain fragmented and individually
weak. Together, these patterns are consistent with a risk-activation-style decision structure rather than
a balanced accumulation of evidence across classes.

Finding B: Financial and employment volatility emerge as the dominant dimensions in the
model’s representation of vulnerability.



Across all outcomes involving high-risk predictions, features capturing short- and medium-term financial
volatility consistently dominate the attribution rankings. As shown in Figure a) and Figure c)7
variables such as income variability, salary coefficient of variation, payment interval, unemployment
status, and income source receive the largest absolute attribution values whenever the model assigns a
high-risk label, regardless of prediction correctness. These features are explicitly constructed to capture
temporal instability within weekly aggregation windows rather than absolute income levels. In contrast,
static demographic attributes including age band, sex, and postal district, as well as level-based income
measures, contribute minimally across all outcome groups and rarely appear among the top-ranked
features. Expenditure-related variables exhibit moderate influence only when aligned with volatility
signals, indicating that consumption behavior is interpreted conditionally rather than as an independent
driver of vulnerability. This consistent dominance of volatility features suggests that the model’s learned
representation of vulnerability is more closely aligned with dynamic instability than static socioeconomic
status.

Finding C: Model errors are consistent with limitations in evidence aggregation under
sparse positive labels.

The attribution analysis further shows that model misclassifications are consistent with predictable
limitations in evidence aggregation shaped by the structure of the data and the rarity of positive labels.
False positive predictions in Figure C) are characterized by strong attribution concentrated on a narrow
subset of volatility-related features, particularly income variability and payment interval irregularity,
while other financial dimensions contribute weakly or remain neutral. This pattern suggests that isolated
weekly fluctuations may disproportionately influence predictions even when broader financial stability
cues are present. Conversely, false negative cases in Figure d) display diffuse attribution patterns across
multiple features, none of which individually reach the magnitude typically observed in true positive
cases. This implies that certain benefit-receiving individuals exhibit vulnerability profiles expressed
through multiple low-intensity signals rather than a single dominant instability dimension. In both error
types, the model appears more responsive to concentrated signals than to distributed weak evidence.
These complementary patterns highlight potential limitations in how heterogeneous and weakly expressed
signals are integrated under a fixed decision threshold in large-scale weekly financial data.

5 Limitations

Despite the strengths of the proposed approach, several limitations should be acknowledged. Each weekly
observation is treated as an independent sample, and the model does not explicitly capture temporal
dependencies across time windows, which may limit its ability to represent long-term behavioural trends
or delayed effects. In addition, the prediction target used in this study serves as an observable proxy
for financial vulnerability rather than a direct measure of individual integrity, thereby constraining the
scope of interpretation of the results. Furthermore, while the feature-level explainability analysis provides
insight into the model’s decision logic under different prediction outcomes, it describes how the model
utilises input features rather than establishing causal relationships between features and outcomes. As
a result, the attribution results should be interpreted as descriptive rather than causal. Future work
may address these limitations by incorporating temporal modelling and complementary causal analysis
methods to improve the characterisation of complex and evolving risk patterns.

6 Conclusions

This study presents an explainable integrity prediction framework based on a self-attention neural ar-
chitecture applied to large-scale longitudinal financial data. The proposed approach achieves strong pre-
dictive performance while using outcome-aware feature attribution to systematically characterise model
behaviour across true positive, true negative, false positive, and false negative predictions, moving be-
yond evaluations based solely on aggregate performance metrics. The results show that model decisions
are primarily driven by dynamic indicators of financial and employment instability, while static demo-
graphic attributes play a comparatively limited role; moreover, analysis of misclassified cases indicates
that prediction errors arise from structural limitations in evidence aggregation and thresholding rather



than random variation. Overall, this work demonstrates the value of outcome-aware explainability for
transparent evaluation of high-stakes integrity prediction systems and provides a foundation for future
research on robustness, fairness, and policy-oriented model auditing.
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