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Abstract

Credit-card fraud detection is a high-stakes, extremely imbalanced classification problem
in which operational success is often driven by the ability to capture as many fraudulent
transactions as possible, potentially at the cost of increased false positives. Using the widely
studied European cardholders dataset (284,807 transactions, 0.173% fraud) [1, 2], we develop
an end-to-end recall-first pipeline comprising exploratory data analysis (EDA), a classical
gradient-boosting baseline with class weighting and threshold tuning, and a hybrid quantum
neural network (HQNN) built from a trainable variational quantum circuit (VQC). Thresh-
olds are tuned on a validation split to target 95% fraud recall. On the held-out test set,
the gradient-boosting baseline achieved recall 0.901 with precision 0.020 (PR-AUC 0.717),
while the HQNN achieved recall 0.930 with precision 0.0033 (PR-AUC 0.712), highlighting
the recall-precision trade-off under extreme imbalance. We further demonstrate Grover-
style amplitude amplification on a toy batch of N = 16 candidate transactions (simulation
only), using HQNN scores to define the marked set. Finally, we execute shot-based HQNN
inference for 64 test transactions at 1000 shots per circuit using an IQM Garnet-targeted
backend configuration. The shot-based scores remained highly consistent with ideal simula-
tion (Pearson r & 0.997).

1 Introduction

Fraud detection in payment systems is typically formulated as binary classification with asym-
metric costs: missing fraud is expensive, while false alarms primarily impose manual review
costs and customer friction. For such problems, accuracy can be misleading under class imbal-
ance, and evaluation should emphasize recall, precision, and precision—recall (PR) curves [3—
5]. Recent progress in quantum machine learning (QML) has motivated investigating hybrid
quantum—classical models—including variational quantum classifiers—as expressive function
approximators that can be trained with classical optimizers [6-8]. In this work we study a
recall-oriented screening setting on a standard fraud dataset, comparing a strong classical base-
line against an HQNN, and augmenting the HQNN score with a small-batch Grover amplitude
amplification demonstration [9].

2 Dataset and exploratory analysis

2.1 Dataset provenance and basic properties

We use the commonly studied anonymized European cardholders dataset [1, 2]. It consists of
numerical transaction descriptors (“Time”, “Amount”, and anonymized components V1-V28)
and a binary target Class indicating fraud.



The dataset contains 284,807 transactions and 31 columns (30 features plus the label). There
are no missing values; however, a small fraction of duplicated rows is present and is removed
prior to splitting to reduce potential leakage effects.

2.2 Class imbalance and feature characteristics

Figure 1 illustrates the extreme class imbalance. In addition, Amount is heavy-tailed, motivating

a log(1l + Amount) transform before scaling. Table 1 summarizes key statistics of Time and
Amount.
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Figure 1: Class distribution (log scale) showing the extreme rarity of fraudulent transactions.

Table 1: Summary statistics for Time and Amount.
Feature Mean Std Min 1%  Median 99% Max Skew  Kurt.

Time 94813.86 47488.15 0.00 2422.00 84692.00 170560.94 172792.00 -0.04 -1.29
Amount 88.35 250.12  0.00 0.12 22.00 1017.97  25691.16 16.98 845.09

To support feature selection under qubit constraints, we compute univariate relevance mea-
sures (Pearson correlation, mutual information, and standardized mean difference). Table 2
lists the strongest signals, which consistently include V17, V14, V12, V10, V11, and V16.



Table 2: Top univariate signals for fraud detection (correlation p, mutual information I, and
effect size |d|).

Featwe p(X,y) 1(X;iy) |d

V17 -0.326  0.0084 8.32
Vi4 -0.303  0.0085 7.64
V12 -0.261  0.0081 6.50
V10 -0.217  0.0078  5.35
V16 -0.197  0.0065 4.83
V3 -0.193  0.0055 4.74
v7 -0.187  0.0043 4.59
Vi1 +0.155  0.0071 3.78
V4 +0.133  0.0055 3.24
V18 -0.111  0.0041  2.70
V1 -0.101  0.0021 2.45
V9 -0.098  0.0050 2.36

3 Methods

3.1 Evaluation protocol and recall-first threshold tuning

We use a stratified random split into train/validation/test partitions (70/15/15). Because the
operational objective is recall-first screening, decision thresholds are tuned on the validation set

to achieve a target recall of 0.95. Metrics reported include recall, precision, F1, ROC-AUC, and
PR-AUC [4, 5, 10].

3.2 Quantum components and scope of claims

The HQNN and Grover parts serve different purposes. The HQNN is a variational classifier: a
parameterized quantum circuit produces measurement statistics that are optimized by a classical
optimizer against a supervised loss [7, 8]. This is a modeling choice and not, by itself, a
complexity-theoretic speedup claim.

Grover amplification is used only as a toy ranking primitive on a small candidate batch where
the marked set is defined by HQNN scores above threshold. Although Grover offers O(v/N)
oracle-query complexity in unstructured search, practical end-to-end advantage for fraud screen-
ing also depends on data loading, oracle construction, and hardware noise assumptions that are
outside the scope of this run [9, 11]. We therefore treat this component as an illustrative
mechanism, not a deployment-ready accelerator.

3.3 Classical baseline: gradient-boosting with class weighting

As a classical reference, we use gradient-boosted decision trees (GBDTs) [12-14]. In the exe-
cution environment, an XGBoost implementation was unavailable; consequently, a histogram-
based boosting variant from scikit-learn [15] was used with per-sample weights computed from
balanced class weights. All numeric features are used, with Amount replaced by Amount_loglp.

3.4 Hybrid quantum neural network (HQNN)
3.4.1 Model structure

The HQNN consists of a small classical preprocessing stage followed by a trainable variational
quantum circuit (VQC) acting as a nonlinear feature transformation, and a classical readout



for binary classification [6-8]. Let x € R? be the selected features after standardization. We
map them to bounded angles using

¢(x) = 7 tanh(x), (1)

which constrains rotations to [—m, 7]. The VQC applies an angle-encoding feature map followed
by L layers of trainable single-qubit rotations and entangling gates,

[¥(x,0)) = U(8) Uenc((x)) [0)°". (2)

A single expectation value s(x) = (¥|O|y) is measured (Pauli-Y basis) and converted to a logit
for training.

3.4.2 Imbalance handling and optimization

To address imbalance, we use a weighted binary cross-entropy loss with pos_weight proportional
to the negative-to-positive ratio [16]. Additionally, the training set is downsampled to retain
all positive examples and a limited negative-to-positive ratio. Optimization is performed with
Adam [17] using separate learning rates for classical and quantum parameters.

3.4.3 Chosen configuration

Guided by EDA and qubit constraints, we use n = 6 qubits with depth L = 2 and a strong entan-
gling pattern. One feature is mapped per qubit using the selected set {V'17,V14, V12, V10,V 11,V 16}.
We avoid Z-axis-only encoding and avoid measuring in a basis aligned with the encoding axis.

3.5 Grover small-batch amplitude amplification (demonstration)

Grover’s algorithm [9] can amplify the probability of measuring marked items in an unstruc-
tured set of size N using O(v/N) oracle calls. Because scalable data loading would require
additional assumptions (e.g., QRAM), we use Grover only as a small-batch demonstration on
N = 16 candidate transactions (4 index qubits), where the marked set is derived from HQNN
scores (indices whose scores exceed the tuned threshold). This is intended as an illustrative
“prioritization” step rather than a claim of end-to-end quantum speedup.

4 Experimental results (simulation)

4.1 Split statistics and preprocessing

After removing duplicates, 283,726 transactions remain. The stratified split contains 331, 71,
and 71 fraud cases in train, validation, and test splits, respectively.

4.2 Test-set performance and trade-offs

Table 3 summarizes recall-first performance on the held-out test set at the tuned thresholds.
The HQNN yields slightly higher recall than the GBDT baseline but at substantially higher
false positive rate, resulting in much lower precision.

Table 3: Test-set results at validation-tuned thresholds (target recall 0.95).
Model Threshold  Recall Precision PR-AUC ROC-AUC

GBDT baseline 0.01543 0.90141 0.02021 0.71750 0.97169
HQNN (ideal sim.) 0.68570  0.92958 0.00332 0.71164 0.91605




Figure 2 and Figure 3 show PR and ROC curves for both models.
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Figure 2: Precision—recall curves on the test set.

1.0 r’_,_'_, 1.0 :
© 0.8 © 081 ’_,_/_’_'_’_“—'_’_r
- +
© @
~ ~
206 £ 061
= =
b= b=
<} o}

0.4 20041
(] (<]
2 =
~ ~
o2 E 0.2
—— ROC curve —— ROC curve
random random

0.0 0.09 *

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False positive rate False positive rate
(a) Baseline. (b) HQNN.

Figure 3: ROC curves on the test set.

Because prevalence in the full test split is extremely low, confusion matrices at recall-tuned
thresholds are visually dominated by true negatives and are less informative than threshold-
dependent ranking diagnostics. We therefore focus comparison on Table 3 and the PR/ROC
curves (Figures 2 and 3).

4.3 HQNN training dynamics and scaling considerations

The HQNN training converged with early stopping based on validation PR-AUC. Figure 4
reports the learning curve. Figure 5 provides a qualitative scaling view for the HQNN family;
in practice, VQCs can face trainability issues such as barren plateaus that worsen with depth,
noise, and system size [7, 18, 19].
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Figure 4: HQNN training curve (validation PR-AUC monitored for early stopping).
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Figure 5: Tllustrative scaling considerations for HQNN/VQC approaches (qualitative).

4.4 Grover demonstration results

For a toy batch of N = 16 candidate transactions (simulation), one Grover iteration was applied
with M = 6 marked indices determined by HQNN scores. The resulting measurement distribu-
tion concentrates probability mass on the marked indices (Figure 6), consistent with amplitude
amplification.
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Figure 6: Grover small-batch demonstration (N = 16) amplifying indices marked by HQNN
thresholding.

5 Shot-based inference on an IQM Garnet-targeted backend

5.1 Run configuration

To probe hardware-relevant effects such as shot noise and compilation to a specific device
topology, we executed HQNN forward passes for 64 test-set transactions using 1000 shots per
circuit on a backend configured to target IQM Garnet [20-22]. The subset was constructed
to include both classes (16 fraud and 48 legitimate transactions). Circuits were executed in
batches of 8, with representative transpiled depth 16 and 10 two-qubit CZ gates per circuit.

5.2 Backend setup and reproducibility note

This experiment uses an IQM Garnet-targeted, shot-based execution configuration to probe
finite-shot inference behavior under device-aware compilation constraints. The results should
be interpreted as a device-targeted noisy-study protocol, with direct comparability to ideal
simulation reported below.

5.3 Consistency with ideal simulation

Table 4 reports subset-level classification metrics under the fixed threshold learned during val-
idation. The shot-based backend and ideal simulation produced near-identical class decisions
on this subset, and the continuous scores matched closely (Pearson correlation 0.9966, RMSE
0.0304).

Table 4: HQNN metrics on the 64-point subset under the fixed threshold (1000 shots per circuit).

Backend Recall Precision PR-AUC ROC-AUC
Ideal simulator 1.0000 0.3556 0.8599 0.9154
IQM Garnet-targeted (shot-based)  1.0000 0.3556 0.8581 0.9154




Subset confusion matrices are omitted to avoid over-interpreting cell-level fluctuations on a
small, intentionally enriched sample.

6 Discussion

The experiments highlight a core operational tension for fraud screening under extreme imbal-
ance. When thresholds are tuned to aggressively prioritize recall, both models produce many
false positives; however, the HQNN produced a substantially larger false positive rate on the
full test split, leading to very low precision. The classical GBDT baseline achieved stronger
ROC-AUC and comparable PR-AUC, consistent with the effectiveness of tree-based ensembles
on tabular data [12, 14].

The Grover experiment demonstrates how quantum amplitude amplification can concentrate
probability mass on a marked subset, but it does not, by itself, deliver an end-to-end advantage
for fraud detection because scalable access to the full transaction database in coherent superpo-
sition is a major bottleneck (data loading and QRAM assumptions). Consequently, we position
Grover here strictly as a small-batch prioritization demonstration.

The IQM Garnet-targeted run indicates that, at least for this small circuit depth and shot
budget, shot-based inference can closely match ideal expectations. In real hardware settings,
additional factors (calibration drift, readout error, two-qubit gate infidelity) may degrade perfor-
mance and may motivate mitigation strategies such as zero-noise extrapolation or probabilistic
error cancellation [23-26].

7 Limitations and future work

This study is constrained by (i) the extreme imbalance, which makes precision highly sensitive to
threshold choice and operational review capacity; and (ii) the reduced feature set required by the
qubit budget. Future work should evaluate cost-based objectives tied to investigator capacity,
apply calibration techniques [27, 28], explore time-aware splits to address non-stationarity and
concept drift [29, 30], and consider explainability tooling such as SHAP for decision support [31].

8 Conclusion

We presented a recall-oriented fraud detection pipeline integrating EDA, a classical gradient-
boosting baseline, an HQNN trained with imbalance-aware objectives, a Grover small-batch
demonstration, and an IQM Garnet-targeted shot-based inference study. On the full test split,
the HQNN achieved slightly higher recall than the baseline but at significantly lower preci-
sion. On a small, balanced-enriched subset, shot-based inference at 1000 shots closely matched
ideal simulation. These results suggest that near-term quantum models can be integrated into
fraud-screening workflows as experimental components, but classical ensembles remain highly
competitive for tabular fraud detection under operational constraints.
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