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Abstract

Hybrid quantum-classical neural networks offer a parameter-efficient path for clinical prediction, yet
the field lacks reproducible methodologies for architectural design. Most current models rely on ad
hoc circuit choices, complicating replication and comparison. This study introduces a generalizable
Hybrid Quantum-Classical Neural Network (HQCNN) framework that replaces trial-and-error design
with a principled Bayesian-surprise-guided methodology. Evaluated on the Wisconsin Diagnostic
Breast Cancer dataset (n = 569), the framework employs a four-component PCA pipeline feeding
a 4-qubit parameterized quantum circuit with two variational layers, integrated within a classical
neural pipeline. The model was benchmarked against tuned Support Vector Machine, Random Forest,
XGBoost, and Multi-Layer Perceptron baselines under identical 5-fold stratified cross-validation with
nested GridSearchCV. The HQCNN achieved 96.49% ± 1.24% accuracy and 99.51% ± 0.38% AUC,
outperforming a structurally comparable MLP while using 11.27% fewer trainable parameters (441
versus 497). A circuit-depth ablation identified two variational layers as optimal, consistent with
barren-plateau dynamics. KL divergence scores of 0.925, 0.804, and 0.653 nats quantified the epistemic
informativeness of competitive accuracy, optimal shallow depth, and parameter efficiency, respectively,
while the AI2 AutoDiscovery platform independently validated preprocessing choices post hoc. These
results indicate that the primary near-term value of hybrid models in healthcare lies in empirical
parameter efficiency rather than raw accuracy gains. Fewer parameters reduce overfitting risk on small
medical datasets, lower deployment costs, and produce models that are easier to audit for clinical
governance. The Bayesian-surprise methodology finally provides the reproducible, principled design
framework that the field has long lacked.

Keywords: quantum machine learning; hybrid quantum-classical neural networks; healthcare pre-
diction; variational quantum circuits; parameter-efficient learning; automated scientific discovery;
bayesian surprise; breast cancer classification; computational oncology

1. Introduction
1.1. The Data Problem in Modern Healthcare

Healthcare has always run on information, but the volume and complexity of that information
have grown faster than our ability to use it. Electronic health records, high-resolution imaging, multi-
omics profiling, and continuous physiological monitoring now produce data that no clinician can
synthesize manually [1]. Machine learning has become the primary tool for filling that gap, with
demonstrated gains in tasks from tumor classification [17] to retinopathy detection [12]. The models
work. The question is whether they can work better.
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Classical approaches, support vector machines, gradient boosting, and deep neural networks, have
set a high bar. But they carry costs that matter in medicine. Deep networks with large parameter counts
overfit on the small datasets common in rare diseases and novel pathologies. They are expensive to
run at the point of care. And their internal logic is opaque enough that clinical governance frameworks
increasingly refuse to accept them without interpretability evidence. On well-defined benchmarks like
the Wisconsin Diagnostic Breast Cancer (WDBC) dataset, even a properly tuned SVM regularly clears
96% accuracy [18] suggesting that the problem is not that classical methods fail, but that we may be
paying more for them than we need to.

1.2. Quantum Machine Learning: What the Theory Promises and What the Data Shows

Quantum Machine Learning (QML) occupies a theoretically attractive position [2,3]. A param-
eterized quantum circuit (PQC) operating on n qubits works inside a 2n-dimensional Hilbert space.
The argument for efficiency is straightforward: a well-designed quantum feature map can construct
classification boundaries in that space using fewer parameters than a classical network of equivalent
expressiveness [5,6]. The parameters, rotation angles of single-qubit gates, are trained via a classical
optimizer, exactly like a neural network [4].

What the empirical record shows is more cautious. Current hardware operates in the Noisy
Intermediate-Scale Quantum (NISQ) era [7]: qubit counts are limited, gate errors are real, and deco-
herence degrades results. Systematic reviews of QML in digital health find no consistent accuracy
advantage over well-tuned classical baselines [8]. That finding is not a reason to abandon hybrid
models, it is a reason to be precise about what advantage they actually offer. This study argues that the
advantage is parameter efficiency, and that the field has been looking for the wrong thing.

1.3. Hybrid Models and the Near-Term Path

The hybrid approach is the realistic answer to NISQ constraints [7]. A classical network handles
data ingestion and dimensionality reduction; a compact PQC performs quantum feature transforma-
tion; a classical output layer produces the prediction. Transfer learning frameworks formalize this
division of labor [10]. Results across oncology [11], ophthalmology [12], cardiology [13], brain tumor
imaging [14], and heart disease prediction [15,26] show a consistent pattern: hybrid models match
classical baselines in accuracy, and often do so with fewer trainable parameters. This is quantum utility,
a measurable practical advantage, not a claim of formal quantum supremacy.

The persistent weakness is not the models themselves. It is the design process. Circuit depth, qubit
count, gate choice, and entanglement topology are almost always chosen by intuition or inheritance
from prior work rather than principled reasoning [4]. That makes results hard to replicate, harder to
compare, and essentially impossible to generalize. It is the reason this field has produced dozens of
individually plausible papers without producing a cumulative engineering discipline.

1.4. The Reproducibility Gap: What This Study Fixes

Two problems need solving. First, clinical ML needs parameter-efficient models that compete
without overfitting. Second, and more fundamentally, the QML design process needs a reproducible
methodology that can replace trial-and-error with principled, documented reasoning. Without that,
every new hybrid model is an island. This study addresses both by proposing a generalizable HQCNN
framework paired with a Bayesian-surprise-guided design methodology that turns architectural
decisions into auditable, quantified scientific claims.

1.5. Contributions

This paper makes five specific, verifiable contributions:

1. A generalizable HQCNN framework for clinical prediction from tabular or feature-extracted
data, combining domain-specific preprocessing, a trainable classical pre-layer, a configurable
variational quantum circuit, and a classical output layer in a modular, reusable architecture.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 April 2026 doi:10.20944/preprints202604.0039.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.0039.v1
http://creativecommons.org/licenses/by/4.0/


3 of 18

2. A Bayesian-surprise-guided design methodology using the AI2 AutoDiscovery platform [16]
(NeurIPS 2025) as an epistemic informativeness instrument to quantify how much experimental
evidence shifts prior beliefs about architectural choices.

3. A complete, open-source computational oncology case study demonstrating 96.49 ± 1.24% ac-
curacy and 99.51 ± 0.38% AUC on WDBC with 11.27% fewer parameters than a comparable
classical MLP, under identically tuned, rigorously fair evaluation conditions.

4. A systematic circuit depth ablation study revealing a non-monotonic depth-performance relation-
ship consistent with barren plateau dynamics, giving practitioners an actionable guideline for
4-qubit circuits on tabular clinical data.

5. A fully reproducible experimental pipeline: code, preprocessing scripts, model definitions, and
analysis notebooks designed as a reusable template. See Code and Data Availability for access
details.

1.6. Organization

Section 2 surveys four literature areas: classical ML on clinical benchmarks; QML foundations;
hybrid healthcare architectures; and circuit design challenges. Section 3 details the methodology.
Section 4 presents results. Section 5 interprets findings, addresses limitations, and charts future
directions. Section 6 concludes.

2. Literature Review
2.1. Classical Machine Learning on Clinical Benchmarks

The case for classical ML in clinical prediction is strong and well-documented. On structured
data, cytological measurements, laboratory values, imaging-derived features, these methods have
been refined over decades and set a high bar that any proposed hybrid model must clear honestly.
The WDBC dataset [17] is the canonical example: well-tuned SVMs with RBF kernels regularly reach
96–99% accuracy [18], and ensemble methods like Random Forests and XGBoost show comparable
robustness.

A critical point often missed in QML comparisons: classical baselines must be hyperparameter-
tuned under the same cross-validation protocol as the quantum model. Comparing a tuned hybrid
against default-parameter classical models inflates the apparent quantum gain and misleads the field
[8]. This study applies nested GridSearchCV to all baselines within each fold.

The practical limitations of classical deep learning in healthcare are real, though. Large models
overfit on small datasets. They are computationally expensive at the point of care. And their opacity
conflicts with the interpretability requirements of clinical governance [1]. These limitations, not any
accuracy ceiling, are what motivate the search for parameter-efficient alternatives.

2.2. Quantum Machine Learning: Foundations and Current Evidence

QML exploits superposition, entanglement, and quantum interference to build models in expo-
nentially large state spaces [2,3]. In the NISQ era, the dominant approach is the variational quantum
algorithm (VQA), or PQC [4]. Parameters, rotation angles of single-qubit gates, are trained by a classi-
cal optimizer to minimize a loss function. The theoretical appeal is that a PQC in a 2n-dimensional
Hilbert space can represent classification boundaries that classical networks approximate only with
more parameters [5,6].

Sim et al. [19] formalize the expressibility–trainability tradeoff that governs this: circuits that can
generate a wider range of quantum states are also more prone to training failures. That tradeoff is not
a footnote, it is the central design problem.

The empirical evidence is mixed, as Roberts et al. [8] document in their systematic review of
169 eligible QML studies in digital health: no consistent accuracy advantage over classical methods.
Liao et al. [2] provide a comprehensive recent review of QML from NISQ through fault-tolerant
regimes, situating current hybrid work within the longer trajectory. Nawaz et al. [3,24] map the
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healthcare-specific landscape from 2018 to 2023. Together, these reviews define the context: hybrid
models are competitive, not dominant, and the interesting question is what specific advantages they
reliably deliver.

2.3. Hybrid Architectures in Healthcare

Hybrid models divide the work sensibly: classical networks handle high-dimensional input; PQCs
handle quantum feature transformation; classical layers produce predictions [9,10]. Senokosov et al.
[11] achieved 99.21% accuracy on Medical MNIST with eight times fewer parameters than the classical
counterpart, the parameter efficiency finding most directly relevant to this study. In ophthalmology,
Ara et al. [12] demonstrated 80.96% balanced accuracy on five-class diabetic retinopathy classification
using a hybrid framework suited for low-resource clinical settings. Jauregui-Correa et al. [13] reached
ROC-AUC up to 0.93 on cardiomegaly detection in chest X-rays, with an interpretability advantage
over fully classical models. Hassan et al. [15,26] showed competitive heart disease prediction on a
combined dataset of 918 observations. Across all of these, the pattern from Roberts et al. [8] holds:
competitive accuracy, often fewer parameters, no dramatic accuracy supremacy.

2.4. Barren Plateaus: The Training Problem That Makes Circuit Depth Matter

The barren plateau phenomenon is the most technically important obstacle in VQA training.
As circuit depth increases, the gradient of the loss function vanishes exponentially in the number of
qubits, making gradient-based optimization increasingly useless [20,25]. Larocca et al. [20] provide the
definitive 2024 treatment in Nature Reviews Physics: every element of a VQA design, ansatz choice,
initial state, observable, loss function, hardware noise, can independently cause barren plateaus if
poorly chosen. This is not a theoretical curiosity. It is the practical reason why deeper circuits do not
automatically perform better, and why this study’s ablation finding (performance degrades at L = 3)
was not obvious in advance.

Wang et al. [21] proved that hardware noise generates additional barren plateaus independent of
depth, a result directly relevant to NISQ deployment. Arrasmith et al. [22] showed that gradient-free
optimization does not escape the problem either. Pesah et al. [23] offer a constructive result: quantum
convolutional architectures with locally structured entanglement avoid barren plateaus, with gradient
variance decaying polynomially rather than exponentially. The circular CNOT entanglement used in
this study is consistent with that design principle.

2.5. Automated Scientific Discovery

The AutoDiscovery framework [16] (NeurIPS 2025) generates hypotheses from data autonomously,
executes experiments to test them, and ranks results by Bayesian surprise. Formally, Bayesian surprise
is the KL divergence between posterior and prior belief distributions:

DKL(Posterior ∥ Prior) =
∫

P(θ|D) log
P(θ|D)

P(θ)
dθ

A finding with high KL divergence shifted beliefs substantially, it was unexpected, so it is genuinely
informative. This study uses Bayesian surprise as an epistemic informativeness heuristic for ranking
architectural findings. It is not an exact Bayesian inference or a generative model of classification
accuracy; it is a principled way to quantify how much each design decision was worth learning.

2.6. The Gap This Study Fills

Hybrid model performance is sensitive to architectural choices, yet those choices are almost never
made with principled justification. The result is a literature full of isolated, non-reproducible results.
This study proposes a framework that is modular and reusable, validates architectural choices through
quantified Bayesian surprise, and delivers a case study that is fully reproducible. The goal is not to
add another bespoke model to the pile, it is to demonstrate a methodology that future researchers can
actually build on.
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3. Methodology
This section covers the generalizable framework, the WDBC case study instantiation, the full

HQCNN architecture specification, and the experimental protocol. Every design choice is justified by
reference to prior literature or empirical evidence from the study itself.

3.1. The Generalizable HQCNN Framework

The proposed framework (Figure 1) is a modular, reusable template for applying hybrid quantum-
classical models to clinical prediction tasks from any tabular or feature-extracted data modality. It
consists of four sequential, well-defined stages:

1. Domain-Specific Preprocessing: A data-specific module transforms raw clinical input into a com-
pact, low-dimensional feature vector suitable for quantum processing. Depending on the clinical
modality, this may involve feature selection from high-dimensional EHR data, convolutional
feature extraction from medical images, or dimensionality reduction (e.g., PCA) for tabular fea-
ture vectors. This is the only stage that varies across clinical domains; the core quantum-classical
architecture stays consistent.

2. Classical Pre-Layer: A trainable fully connected neural network reduces the dimensionality of
the preprocessed feature vector from n dimensions to q dimensions, matching the qubit count of
the quantum circuit. This layer learns the most effective linear projection of the classical features
into the quantum input space.

3. Parameterized Quantum Circuit (PQC): The core quantum component. It encodes the q-
dimensional classical vector into the quantum state, applies a configurable stack of variational
gate layers with a specified entanglement topology, and measures the Pauli-Z expectation value
for each qubit, producing a q-dimensional real-valued output vector.

4. Classical Post-Layer: A final fully connected layer maps the quantum measurement outputs to
the target clinical prediction, binary diagnosis, multi-class label, or continuous risk score, via an
appropriate activation function.

Figure 1. Generalizable HQCNN framework for clinical prediction. The preprocessing module adapts to any data
modality; the quantum-classical core stays fixed across instantiations. AutoDiscovery validates design choices
post hoc.

Architectural choices across all stages are validated post hoc using the AI2 AutoDiscovery plat-
form and Bayesian surprise analysis. This ensures that no design decision is arbitrary; each is grounded
in data-driven evidence and quantified by its information gain.
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3.2. Case Study: Breast Cancer Diagnosis on WDBC
3.2.1. Dataset Description

The Wisconsin Diagnostic Breast Cancer (WDBC) dataset [17], from the UCI Machine Learning
Repository [27], contains 569 samples from fine-needle aspirates of breast masses. Each sample has 30
real-valued features computed from digitized cell nuclei images: ten nuclear characteristics (radius,
texture, perimeter, area, smoothness, compactness, concavity, concave points, symmetry, and fractal
dimension), each reported as mean, worst, and standard error. The task is binary: malignant (M,
n = 212, 37.3%) vs. benign (B, n = 357, 62.7%). Stratified sampling preserves this ratio in all splits.

Dataset URL: https://archive.ics.uci.edu/ml/datasets/Breast+Cancer+Wisconsin+(Diagnostic)

3.2.2. Data Preprocessing and Feature Engineering

The raw dataset was processed through a two-stage pipeline applied within each cross-validation
fold on training data only, strictly preventing data leakage from test to training sets:

1. Standard Scaling: All 30 features were standardized to zero mean and unit variance using scikit-
learn’s StandardScaler, fitted exclusively on training data within each fold. Standard scaling
is essential for SVM and neural network models, ensuring that features with larger numerical
ranges do not dominate gradient updates or kernel evaluations.

2. Principal Component Analysis (PCA): PCA was applied to the standardized training data;
the transformation was then applied to the test data without re-fitting to prevent leakage. The
first four principal components were retained, explaining 79.24% of total dataset variance (PC1:
44.27%, PC2: 18.97%, PC3: 9.39%, PC4: 6.60%).

This is a hardware-aware NISQ design choice: the 4-component retention deliberately matches
the 4-qubit circuit capacity, avoiding the alternative of using a classical pre-layer purely to compress
a higher-dimensional vector down to 4 dimensions with associated information loss at the classical
stage. The 79.24% variance retention is independently validated as sufficient by the AutoDiscovery
finding of PC1 dominance (Section 4.3), which confirms that the dataset has a strong low-dimensional
structure that this compression exploits efficiently. Future work with wider quantum devices would
naturally extend to more principal components.

3.3. HQCNN Architecture

The HQCNN (Figure 2) has 441 total trainable parameters across three components.

Figure 2. HQCNN architecture. Pre-layer (420 params) + PQC (16 params) + post-layer (5 params) = 441 total—
11.27% fewer than the 497-parameter MLP baseline.

3.3.1. Classical Pre-Layer (420 Parameters)

A three-stage fully connected network with ReLU activations and Dropout (p = 0.2) after stages
one and two:

• Stage 1: FC(4 → 16): 4 × 16 + 16 = 80 parameters
• Stage 2: FC(16 → 16): 16 × 16 + 16 = 272 parameters
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• Stage 3: FC(16 → 4): 16 × 4 + 4 = 68 parameters

The expansion to 16 dimensions before compressing back to 4 lets the layer build richer interme-
diate representations before reducing to the quantum-ready input width.

3.3.2. Parameterized Quantum Circuit (16 Parameters)

A 4-qubit PQC in PennyLane v0.44.1, connected to PyTorch via TorchLayer. Three structural
elements:

• Data encoding: Each input feature xi is mapped to the rotation angle of a single-qubit RY gate:

RY(xi) =

cos(xi/2) − sin(xi/2)

sin(xi/2) cos(xi/2)

. RY was chosen because its smooth, differentiable mapping

suits gradient-based training. Encoding parameters are fixed, they are not optimized.
• Variational layers (L = 2): Each layer applies RY and RZ rotation gates to each qubit i, then a

circular CNOT entanglement layer connecting qubit i to qubit (i + 1) mod 4. RY+RZ allows any
point on the Bloch sphere. Circular CNOT was selected over linear or all-to-all entanglement
because it provides sufficient entangling capability while keeping the circuit shallow, consistent
with barren plateau mitigation [20,23]. With L = 2, 4 qubits, and 2 rotation gates per qubit per
layer: 2 × 4 × 2 = 16 trainable parameters.

• Measurement: σZ is measured for each qubit, producing a 4-dimensional real-valued output in
[−1, 1].

3.3.3. Classical Post-Layer (5 Parameters)

FC(4 → 1) with sigmoid activation gives P(B) ∈ [0, 1]: P(B) = σ(W · q + b), where q is the PQC
measurement vector. Total: 4 × 1 + 1 = 5 parameters.

Grand total: 420 + 16 + 5 = 441. The PQC contributes 3.6% of parameters but performs the
critical non-linear feature transformation.

3.4. Experimental Protocol
3.4.1. Cross-Validation

All models were evaluated using 5-fold stratified cross-validation. The same five splits were
applied to every model, so comparisons reflect genuine model differences rather than partition
difficulty. Results are reported as mean ± standard deviation across folds.

3.4.2. Classical Baselines

Four baselines with nested GridSearchCV tuning within each fold:

• SVM: RBF kernel; C ∈ {0.1, 1.0, 10.0, 100.0}, γ ∈ {scale, auto, 0.01, 0.1}.
• Random Forest: n_estimators∈ {50, 100, 200}, max_depth∈ {5, 10, 20, None}, min_samples_split

∈ {2, 5}.
• XGBoost: n_estimators ∈ {50, 100, 200}, learning_rate ∈ {0.1, 0.3}, max_depth ∈ {3, 5, 7}.
• Classical MLP: Two hidden layers, ReLU activation, 497 total parameters. Tuned via

hidden_layer_sizes ∈ {(32, 16), (16, 16, 8)}, α ∈ {0.0001, 0.01}, learning_rate_init = 0.01.

3.4.3. Neural Model Training

Adam optimizer (lr = 0.01), binary cross-entropy loss, up to 60 epochs per fold with early
stopping (patience=12) and ReduceLROnPlateau scheduling (factor=0.5, patience=5); batch size=32.
The PQC integrated via PennyLane’s TorchLayer for end-to-end backpropagation. Global seed=42
with per-fold offsets for reproducibility.

3.4.4. Circuit Depth Ablation (Exploratory Analysis)

To examine the directional effect of circuit depth, a separate ablation varied L ∈ {1, 2, 3} using a
single stratified 80:20 split rather than full cross-validation. This is an exploratory analysis intended
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to reveal directional trainability trends consistent with barren plateau theory, not a statistically pow-
ered superiority comparison between depth levels. The same training protocol applies throughout.
Conclusions about optimal depth are drawn from the directional pattern across levels, not from point
estimates of a single split.

3.4.5. Performance Metrics

Accuracy, Precision, Recall (Sensitivity), F1-Score, and AUC are reported for all models. AUC is
especially useful in clinical deployment: it summarizes discrimination across all operating thresholds,
letting clinicians set sensitivity-specificity tradeoffs based on the specific consequences of false positives
vs. false negatives for their patient population.

4. Results and Analysis
Results cover four complementary analyses: comparative model performance, circuit depth

ablation, AutoDiscovery data validation, and Bayesian surprise analysis of architectural hypotheses.

4.1. Comparative Performance

Table 1 and Figure 3 present the full comparative performance across 5-fold stratified cross-
validation. The HQCNN achieves the highest mean accuracy (96.49 ± 1.24%) and AUC (99.51 ± 0.38%)
among all models evaluated. The accuracy advantage over the tuned SVM is 0.35 percentage points,
with overlapping confidence intervals, statistically non-significant at α = 0.05. This is expected and
intellectually honest. Well-tuned classical methods on WDBC already reach 96–99% [18], so this study
does not claim accuracy supremacy over all classical approaches. The HQCNN’s contribution here
is competitive performance with tighter fold-to-fold variance (1.24% vs. the SVM’s 1.62%), which
reflects greater prediction stability across patient subpopulations, a property that matters in clinical
deployment.

Table 1. Comparative model performance across 5-fold stratified cross-validation (mean ± standard deviation).

Model Acc. (%) Prec. (%) Recall
(%) F1 (%) AUC (%) Params

HQCNN (proposed) 96.49 ±
1.24

97.01 ±
2.28

97.48 ±
2.06

97.21 ±
0.98

99.51 ±
0.38 441

SVM (tuned, RBF) 96.14 ±
1.62

96.76 ±
2.43

97.19 ±
3.21

96.91 ±
1.35

99.29 ±
0.76 N/A

Random Forest (tuned) 94.91 ±
2.50

96.24 ±
3.02

95.81 ±
4.65

95.90 ±
2.09

98.27 ±
1.34 N/A

XGBoost (tuned) 93.50 ±
1.30

95.46 ±
3.91

94.40 ±
2.92

94.81 ±
0.94

98.68 ±
0.96 N/A

Classical MLP 94.91 ±
1.95

94.93 ±
2.97

97.20 ±
2.34

96.00 ±
1.49

98.90 ±
0.87 497
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Figure 3. Mean accuracy across 5-fold stratified CV. Error bars show ±1 std. HQCNN leads in accuracy (96.49%)
and fold-to-fold consistency (1.24% std). All classical baselines used nested GridSearchCV.

The MLP comparison tells the more important story. Both architectures share the same classical-
quantum-classical structure, but the MLP replaces the PQC with additional dense layers. With 11.27%
fewer parameters (441 vs. 497), the HQCNN outperforms the MLP by 1.58 percentage points in
accuracy and 0.61 in AUC, with noticeably tighter variance (1.24% vs. 1.95%). Fewer parameters, better
performance, lower variance: this is the empirical parameter efficiency advantage that motivates this
study.

Figure 4 shows the confusion matrix for the best-performing fold (Fold 5; n = 113; Accuracy=
98.23%). TN = 40, FP = 2, FN = 0, TP = 71. Zero false negatives in this fold is worth noting. In breast
cancer screening, a missed malignant diagnosis (false negative) carries far greater consequences than a
false positive, which triggers further investigation. A perfect sensitivity result in the best fold does
not represent average-case performance, but it does show that the model’s error tendency—toward
over-predicting malignancy rather than missing it—is clinically preferable.
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Figure 4. Confusion matrix, HQCNN best fold (Fold 5; n=113; Accuracy=98.23%). TN=40, FP=2, FN=0, TP=71.
Zero false negatives in this fold.

4.2. Circuit Depth Ablation: Directional Findings

Table 2 and Figure 5 show the depth ablation results. These are directional trends from a single
80:20 split, not statistically powered comparisons between depth levels. The pattern is clear: accuracy
holds steady from L = 1 to L = 2, while AUC improves (99.24% → 99.44%). At L = 3, accuracy
drops to 94.74%, falling below the classical MLP, while AUC stays near 99.45%. That dissociation,
retained discrimination across thresholds, lost ability to find the optimal threshold, is consistent with
an emerging barren plateau: the circuit retains some discriminative structure but the optimizer can no
longer navigate to the best decision boundary within the training budget [20,22].

Table 2. Circuit depth ablation results (single 80/20 split; exploratory analysis).

Depth (L) Accuracy (%) AUC (%) Params

L = 1 96.49 99.24 433

L = 2 ⋆ Optimal 96.49 99.44 441

L = 3 94.74 99.45 449
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Figure 5. Ablation study on PQC circuit depth. Left: accuracy peaks at L=2, drops at L=3—consistent with barren
plateau effects. Right: AUC and parameter count vs. depth. L=2 is the optimal operating point. Results are
directional trends from a single split, not statistically powered comparisons.

The practical read, for 4-qubit circuits with circular CNOT entanglement on 4-dimensional tabular
data, two variational layers is the right call. Going deeper costs accuracy without a commensurate
gain. The Bayesian surprise score for this finding (0.804 nats) confirms it was not obvious in advance,
the prior was genuinely agnostic between shallow and deep optimal circuits.

4.3. AutoDiscovery Integration: Post-Hoc Validation

The AutoDiscovery platform [16] was used entirely post hoc, after all training and evaluation
decisions were finalized. Its output did not influence model selection, training, or hyperparameter
choices at any point. It is a confirmatory instrument, not a design tool. This eliminates any risk of
circular reasoning.

Table 3 summarizes the five findings AutoDiscovery ranked by Bayesian surprisal after analyzing
the raw WDBC data. Finding 5 (surprisal=0.626) confirms that PC1 explains 44.27% of variance,
independently of any modeling decision made in this study. That is the external validation the
PCA preprocessing strategy needed: the WDBC dataset genuinely has a dominant low-dimensional
structure, and four components are enough to capture most of it. Finding 3 (near-perfect radius-
perimeter correlation) further justifies PCA by showing the feature redundancy it resolves. Finding
1 (surprisal=0.705, highest) is the most forward-looking: non-normal, bimodal fractal dimension
distributions in malignant samples suggest that standard angle encoding, which maps features linearly
to rotation angles, may not be the best encoding for this feature. That is a concrete hypothesis for
future work.

Table 3. Top five findings from AutoDiscovery [16], ranked by Bayesian surprisal.

Rank Finding Surprisal

1 Fractal dimension distributions differ significantly between malignant and
benign tumors (non-normal, bimodal in the malignant class). 0.705

2 Symmetry variance is markedly higher in malignant samples. 0.649

3 Mean radius and mean perimeter are nearly perfectly correlated (r ≈ 0.998),
strong feature redundancy, well-suited to PCA. 0.626

4 PC1 is dominated by size-related features (mean concave points, mean
concavity, worst concave points). 0.626

5 PC1 explains 44.27% of total dataset variance, far above the uniform null
expectation of ∼3.33% per PC across 30 features. 0.626
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4.4. Bayesian Surprise Analysis of Architectural Hypotheses

Bayesian surprise is used here as an epistemic informativeness heuristic, a principled way to
quantify how much experimental evidence shifts prior beliefs about a design hypothesis. It is not a fully
generative probabilistic model of classification accuracy, and the Beta distributions used to represent
beliefs are computationally tractable approximations, not exact characterizations of the accuracy-
generating process. KL divergence values should be read as relative informativeness scores: higher
means the finding was more surprising given prior literature, and therefore more worth knowing.

Table 4 presents the Bayesian surprise analysis for five architectural hypotheses.

Table 4. Bayesian surprise analysis of architectural hypotheses (KL divergence in nats; used as informativeness
scores). ⋆ denotes the two most informative findings.

Hypothesis Prior
Belief

Updated
Belief

Prior
Mean

KL
(nats)

H1: HQCNN achieves competitive accuracy
(≥93%) vs. WDBC QML literature Beta(47, 3) Beta(596, 23) 0.940 0.925 ⋆

H2: HQCNN uses fewer parameters than the
comparable MLP Beta(5, 5) Beta(10, 5) 0.500 0.653

H3: Optimal circuit depth is shallow (L = 2, not
L ≥ 3) Beta(3, 3) Beta(8, 3) 0.500 0.804 ⋆

H4: PC1 explains >40% of dataset variance Beta(8, 12) Beta(21, 29) 0.400 0.184

H5: HQCNN performance matches tuned SVM Beta(3, 7) Beta(6, 9) 0.300 0.298
⋆ Highest-informativeness findings. All priors derived from published literature or domain knowledge.

From the Figure 6, H1 (competitive accuracy, KL=0.925 nats) is the most informative finding.
The prior, derived from reported QML results on WDBC, centered at 94% mean accuracy [18] was
substantially shifted by observing 96.49% with tight variance across all five folds. H3 (optimal shallow
depth, KL=0.804 nats) is the second most informative: the prior was genuinely agnostic between
shallow and deep optimal circuits [4,19], and the strong evidence for L = 2 produced a real belief
update. H2 (parameter efficiency, KL=0.653 nats) shifted an uninformative prior significantly, useful for
practitioners deciding whether hybrid models are worth the engineering overhead. H4 (PC1 variance,
KL=0.184 nats) appropriately generates low surprise: the AutoDiscovery result was expected given
domain knowledge, which is exactly what the low score should signal. H5 (matches SVM, KL=0.298
nats) reflects a moderate update to a skeptical prior.
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Figure 6. KL divergence (epistemic informativeness scores) for five architectural hypotheses. H1 (0.925) and H3
(0.804) generate the highest scores—these findings most substantially updated literature-grounded prior beliefs.
H4 scores low (0.184) because domain knowledge already anticipated PC1 dominance.

5. Discussion
5.1. What This Actually Shows: Empirical Parameter Efficiency

The HQCNN outperforms the classical MLP by 1.58 percentage points in accuracy and 0.61 in
AUC with 11.27% fewer parameters. It does not convincingly outperform the SVM. That is the honest
summary. This is quantum utility; a measurable, practical advantage in a defined regime, not a claim of
quantum supremacy over all classical methods.

The mechanism is well-grounded. A 4-qubit PQC operates in a 24 = 16-dimensional Hilbert
space with 16 trainable parameters. Quantum feature maps in that space can typically construct
discriminative boundaries that classical dense layers would need substantially more parameters to
approximate with equivalent representational richness [5,6]. The word typically matters here: this is
not a guarantee across all tasks and datasets, but it is a demonstrable advantage on this 4-dimensional,
low-noise tabular problem.

The clinical implications of parameter efficiency are concrete. Fewer parameters mean lower
overfitting risk on the small datasets that are common in rare disease and novel pathology contexts.
Smaller models are cheaper to run at the point of care. And a model with 441 parameters is simply
easier to audit and explain to a clinical governance board than one with 497. As hybrid models move
toward real quantum hardware, parameter efficiency will matter even more: each PQC parameter
corresponds to a gate operation that incurs noise and decoherence costs on NISQ devices [7].

5.2. Why the Depth Finding Is Not Obvious

The ablation result, performance drops at L = 3, is not trivial. The natural assumption is that
deeper circuits have greater expressiveness and should perform better. Larocca et al. [20] establish
exactly why this assumption fails: every element of a VQA design can independently cause barren
plateaus, and circuit depth is one of the most common causes. At L = 2, the 4-qubit circuit sits within
a trainable regime; at L = 3, the gradient landscape begins to flatten, and Adam cannot reliably find a
good parameter configuration within 60 epochs. Wang et al. [21] show that hardware noise accelerates
this process on real devices.

The Bayesian surprise score of 0.804 nats confirms that this result was not anticipated under
the prior. That is the point of the methodology: it flags which findings are actually informative, so
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practitioners know which results to build on. The actionable guideline for this task is clear: two
variational layers, not more. That recommendation saves future researchers from running their own
expensive trial-and-error.

5.3. AutoDiscovery as a Confirmatory Tool

The AutoDiscovery [16] analysis did exactly what it was supposed to do: confirm preprocessing
choices independently, and surface data-structure insights that carry forward into future work. The
PC1 variance finding (44.27%, surprisal=0.626) converts a practical NISQ constraint, we can only afford
4 qubits, so we’ll use 4 PCA components, into an evidence-backed design decision. The near-perfect
radius-perimeter correlation (Finding 3) further validates that PCA is the right tool: the feature space
has redundancy that dimensionality reduction efficiently resolves.

Finding 1 (non-normal, bimodal fractal dimension in malignant samples) points to a concrete
future experiment. Standard angle encoding assumes that feature values map cleanly to rotation angles,
which works best for features with smooth, roughly bounded distributions. Bimodal distributions
may be better served by data re-uploading circuits or amplitude encoding, both of which can embed
distributional structure more directly into the quantum state. That is a specific, testable hypothesis
that follows directly from the AutoDiscovery [16] output.

5.4. Where This Sits in the Healthcare QML Literature

Roberts et al. [8] found no consistent accuracy advantage for QML over classical methods across
169 eligible studies. This work replicates that finding and puts it in the right frame: the absence of
accuracy supremacy does not make hybrid models pointless, it means the value is elsewhere. Across
ophthalmology [12], cardiology [13], heart disease prediction [15,26], and medical imaging [11], the
pattern is consistent: competitive accuracy, often with fewer parameters. That is the near-term quantum
utility case, and it is a real one.

As hardware matures, more qubits, lower error rates, longer coherence times, these efficiency
advantages may compound into larger performance gaps, especially on higher-dimensional, noisier
clinical datasets [4,7]. The WDBC benchmark is a favorable classical setting. What happens on messier,
larger clinical data is the right next question.

5.5. Limitations

Five limitations are worth keeping in mind before drawing broad conclusions from these results.
The most obvious one is the dataset. WDBC has 569 samples, is well-curated, and has been a

benchmark for decades, which makes it useful for comparison but not representative of what clinical
data actually looks like in the wild. Real patient data is noisier, larger, more imbalanced, and collected
across sites that use different equipment and protocols. Whether the parameter-efficiency advantage
holds in those conditions is an open question, not an assumption.

All experiments ran on a noiseless classical simulation of the quantum circuit. PennyLane’s
default.qubit backend computes exact quantum state vectors, which is useful for isolating the
model’s behavior, but it sidesteps the gate errors, decoherence, and readout noise that show up on
actual NISQ hardware. On a real device, performance will likely be lower, and the optimal circuit
depth may shift. That gap between simulation and hardware is the field’s most pressing practical
problem.

The circuit depth ablation covered only three configurations (L ∈ {1, 2, 3}) on a single 80:20 split.
The directional pattern is clear and consistent with barren-plateau theory, but a single split produces
no confidence intervals. The specific accuracy numbers at each depth should not be over-interpreted:
what the ablation establishes is a direction, not a precise optimum.

The study also explored just one architectural combination: RY angle encoding, RY+RZ rotational
gates, and circular CNOT entanglement. That combination works well for this task. It may not be
the best choice for others, and a more systematic search across encoding strategies, gate sets, and
entanglement topologies could find better-performing configurations.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 April 2026 doi:10.20944/preprints202604.0039.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.0039.v1
http://creativecommons.org/licenses/by/4.0/


15 of 18

Finally, the Bayesian surprise scores are sensitive to prior specification. All priors are documented
in Table 4 and derive from published literature or domain knowledge, so they are not arbitrary;
but different reasonable priors would produce different KL values. The ranking of findings by
informativeness is stable to reasonable perturbations; the absolute nats scores are not.

5.6. Future Directions

The most pressing next step is multi-dataset validation. WDBC is a single, favorable benchmark.
Applying the HQCNN framework to multi-class cancer classification, survival analysis, medical image
tasks, and genomic risk stratification would reveal which aspects of the parameter-efficiency advantage
are general and which are task-specific. That matters for anyone thinking about actually using this
approach.

Hardware deployment is the other immediate priority. Running the model on IBM Quantum,
Google Quantum AI, or Amazon Braket would replace simulation-era optimism with real numbers on
gate noise, decoherence, and whether noise-aware training can close the gap. The field cannot credibly
claim NISQ utility without testing on NISQ hardware.

A broader architectural search is worth doing, but should be hypothesis-driven rather than
exhaustive. The AutoDiscovery finding on fractal-dimension distribution (bimodal in malignant
samples, non-normal overall) gives a specific motivation: standard angle encoding may not be the best
fit for that feature. Data re-uploading circuits and amplitude encoding are the natural alternatives to
test, guided by Bayesian surprise to keep the search principled rather than speculative.

Noise-aware training and quantum error mitigation belong in any serious hardware study. These
techniques exist; they just have not been applied to this framework yet.

The longer-term goal is clinical integration. Technical performance numbers matter, but what
matters more is whether the model can be explained to a clinician, audited by a regulator, and
trusted enough to influence a real decision. That requires working with domain experts in actual
decision-support settings, not just reporting test-set accuracy.

6. Conclusion
This study proposed and validated a generalizable framework for hybrid quantum-classical neural

networks in clinical prediction. The HQCNN achieved 96.49 ± 1.24% accuracy and 99.51 ± 0.38%
AUC on WDBC, outperforming a structurally comparable MLP with 11.27% fewer parameters. That
is quantum utility: measurable parameter efficiency in a defined regime, not a claim of accuracy
supremacy over well-tuned classical methods.

The circuit depth ablation confirmed that going deeper than L = 2 is counterproductive, a non-
obvious, practically useful finding with a Bayesian surprise score of 0.804 nats. Post-hoc AutoDiscovery
analysis validated the PCA preprocessing strategy independently and produced a concrete hypothesis
for future encoding improvements. The Bayesian surprise framework, applied here as an epistemic
informativeness heuristic rather than an exact Bayesian inference, gives practitioners a principled way
to communicate and compare architectural findings. The fully reproducible pipeline accompanying this
study is intended as a working template; not just a paper, but a starting point for the next experiment.
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