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Abstract 

Quantum Machine Learning (QML) is gaining attention for extracting nonlinear structures from 
high-dimensional data, yet its practical utility in financial forecasting remains insufficiently verified. 
This study empirically evaluates the effectiveness of quantum kernel learning for sector rotation 
prediction using daily returns from Fama–French 10 Industry Portfolios (2022–2024). We formulated 
a supervised classification task using a compact nine-feature set comprising mean return, volatility, 
win rate, excess return, MA5, MA20, max drawdown, 5-day return, and skewness. We compared 
classical Support Vector Classifiers (RBF and Linear kernels) against a fidelity quantum kernel 
(ZZFeatureMap) evaluated on AerSimulator using 1-nearest neighbor classification. Results indicate 
that while the classical RBF kernel achieved the highest average accuracy across all sectors (52.1%), 
the quantum kernel (50.0%) outperformed the classical linear kernel (48.4%) and achieved the highest 
accuracy in the Non-Durables (55.0%) and Manufacturing (52.2%) sectors, demonstrating superior 
stability. These findings suggest that the effectiveness of quantum kernels in the near term is not 
universal but sector-dependent and conditional. Although quantum methods currently trail strong 
classical baselines on average, future research should focus on advanced circuit design and 
hardware-aware evaluations to unlock their potential. 

Keywords: quantum kernel learning; sector rotation; financial time series; quantum machine 
learning; Fama–French industry portfolios 
 

1. Introduction 

Quantum computing has garnered significant attention as a foundational technology capable of 
overcoming the computational complexity constraints of classical computing. In the field of machine 
learning, Quantum Machine Learning (QML) is anticipated to provide a new framework for 
extracting useful representations from data characterized by high dimensionality and non-linearity. 
Since the comprehensive outlook provided by Biamonte et al. [1], theoretical frameworks have 
advanced rapidly. Specifically, quantum kernel learning, which utilizes quantum circuits as feature 
maps to map classical data into a high-dimensional Hilbert space, has been established by Havlíček 
et al. [2] and Schuld et al. [3], demonstrating theoretical quantum advantage for data possessing 
specific algebraic structures. 

However, in the current Noisy Intermediate-Scale Quantum (NISQ) era [4], the practical 
application of these algorithms faces significant challenges. As noted by Bharti et al. [5] and Cerezo 
et al. [6], issues such as qubit limitations, gate noise, and the ʺbarren plateauʺ problem in variational 
circuits must be addressed. Furthermore, recent theoretical works present a more cautious view 
regarding quantum advantage. Liu et al. [7] demonstrated that merely utilizing quantum space is 
insufficient for learning speed advantage, while Huang et al. [8] emphasized the ʺpower of data,ʺ 
revealing that the geometric structure of the kernel relative to the data volume is the dominant factor 
in learning performance. Consequently, there is a divergence between theoretical potential and 
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practical utility, creating an urgent need to empirically verify under what specific conditions 
quantum kernels function effectively on realistic datasets [9,10]. 

Financial markets represent a prime testing ground for such empirical evaluations due to their 
inherent non-stationarity and noise [11]. While classical machine learning methods, such as deep 
neural networks and ensemble models, have become standard for asset pricing and forecasting [12–
15], the field of ʺQuantum Financeʺ is exploring new possibilities for portfolio optimization and 
market prediction [16–19]. Although protocols for quantum forecasting exist [20,21], empirical 
studies that rigorously compare quantum kernels against strong classical baselines (e.g., optimized 
Support Vector Machines) using real-world market data remain limited. 

This study focuses on ʺsector rotation,ʺ a widely used investment strategy based on the cyclical 
performance of industry sectors [22–24]. We aim to empirically evaluate the effectiveness of quantum 
kernel learning by applying it to the daily returns of the Fama–French 10 Industry Portfolios (2022–
2024) [25]. By constructing a compact feature set and comparing a fidelity-based quantum kernel 
(ZZFeatureMap) with classical RBF and linear kernels, we assess whether quantum mapping offers 
superior decision boundaries in a noisy financial environment. Our principal conclusions indicate 
that while the classical RBF kernel achieves the highest average accuracy across all sectors, the 
quantum kernel demonstrates superior stability and outperforms classical methods in specific sectors 
such as Non-Durables and Manufacturing. These findings suggest that the advantage of quantum 
kernels in the NISQ era is not universal but rather sector-dependent, highlighting the need for task-
specific circuit design. 

2. Materials and Methods 

2.1. Data Curation and Preprocessing 

In this study, we utilized the ʺFama–French 10 Industry Portfolios Daily Returnsʺ provided by 
the Kenneth R. French Data Library [25]. The analysis period spans three years, from January 1, 2022, 
to December 31, 2024, comprising a total of 1,506 trading days. The ten target industries are NoDur 
(Consumer Non-Durables), Durbl (Consumer Durables), Manuf (Manufacturing), Enrgy (Energy), 
HiTec (High Technology), Telcm (Telecommunications), Shops (Wholesale and Retail), Hlth 
(Healthcare), Utils (Utilities), and Other. 

To account for the non-stationarity of financial time series data and to strictly avoid look-ahead 
bias, the dataset was split while preserving chronological order. Specifically, the first 80% of the data 
(1,152 days) was designated as the training dataset, and the subsequent 20% (289 days) was allocated 
as the testing dataset. Regarding feature normalization, Z-score standardization (mean of 0, variance 
of 1) was performed using statistics (mean and standard deviation) derived exclusively from the 
training data. The same transformation parameters were then applied to the test data to prevent data 
leakage. 

2.2. Feature Engineering 

We constructed nine distinct feature variables based on the daily return series of the past 60 
trading days for each industry to capture short-term momentum, distribution shape, downside risk, 
and trend components. All features were Z-score normalized using the statistics of the training 
dataset before being used as input for the kernel models. The definitions of the features are as follows: 

・Mean Return: The arithmetic mean of daily returns over the past 60 days, representing the average 
performance level of the industry during the period. 
・Volatility: Calculated as the unbiased standard deviation of daily returns over the past 60 days. 
This indicator quantifies the dispersion of returns and the magnitude of risk during the period. 
・Win Rate: Defined as the proportion of trading days recording a positive return within the past 60 
days. This measures the consistency of performance rather than the magnitude of returns. 
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・Excess Return: The average value over the past 60 days of the difference between the industry’s 
daily return and the market average return (calculated as the equal-weighted average of all 10 
industries). This evaluates performance relative to the overall market. 
・MA5 (5-Day Moving Average): The simple moving average of daily returns over the most recent 
5 days. This corresponds to one trading week and is used to smooth and capture extremely short-
term trend components. 
・MA20 (20-Day Moving Average): The simple moving average of daily returns over the most recent 
20 days. This corresponds to approximately one trading month and serves as an indicator to evaluate 
medium-term market trends by removing short-term noise over a span longer than MA5. 
・Max Drawdown: An indicator of downside risk defined as the maximum percentage decline from 
peak to trough in cumulative returns (calculated via compounding) over the past 60 days. In 
implementation, the cumprod() function was used to calculate the maximum erosion rate of asset 
value within the period. 
・5-Day Return: The sum of returns over the most recent 5 days, reflecting short-term momentum. 
While MA5 observes the average level, this metric was adopted to directly represent the cumulative 
magnitude of fluctuation. 
・Skewness: The skewness (third moment) of the return distribution over the past 60 days. This 
represents the deviation from a normal distribution; specifically, negative skewness suggests a 
distribution shape with a higher risk of crashes (sudden drops) that deviate significantly from the 
mean. 

2.3. Label Generation 

The prediction task in this study is formulated as a binary classification problem to determine 
whether the returns of each sector will outperform the market average in the short term. The objective 
is to remove market-wide fluctuations (systematic risk) and capture relative performance attributable 
to sector-specific factors (idiosyncratic risk). 

The prediction horizon is defined as the five-day period starting from the next business day after 
time t (from 𝒕 + 𝟏  to 𝒕 + 𝟓 ). First, the cumulative return 𝑹_𝒊, 𝒕(𝟓)  for sector i over this period is 
calculated as the simple sum of daily returns 𝒓_𝒊, 𝝉 using the following equation: 

𝑹(𝒊,𝒕)(𝟓) =  ෍𝒓𝒊,𝒕ା𝝉𝟓
𝝉ୀ𝟏  

Similarly, for the benchmark market average return, we adopted the equal-weighted average of 
the Fama–French 10 Industry Portfolios. The daily market return 𝒓_𝑴, 𝝉 at time 𝝉 is defined as: 

𝒓𝑴,𝝉 = 𝟏𝟏𝟎෍𝒓𝒋,𝝉𝟏𝟎
𝒋ୀ𝟏  

Using this, the cumulative return for the overall market 𝑹𝑴,𝒕(𝟓)  over the same period is 
calculated in the same manner: 

𝑹𝑴,𝒕(𝟓) =  ෍𝒓𝑴,𝒕ା𝝉𝟓
𝝉ୀ𝟏  

The final ground-truth label 𝒚𝒊,𝒕 ∈ ሼ𝟎,𝟏ሽ  is determined based on whether the sectorʹs 
cumulative return exceeds the marketʹs cumulative return: 𝒚𝒊,𝒕 =  ൜ 𝟏  if 𝑹𝒊,𝒕(𝟓) >  𝑹𝑴,𝒕(𝟓) 𝟎  otherwise  

Here, 𝒚𝒊,𝒕 = 𝟏  signifies that the sector exhibits performance superior to the market average 
(ʺOutperformʺ), while 0 signifies performance equal to or below the market average 
(ʺUnderperformʺ). Note that for the calculation of period returns, we utilized arithmetic sums (simple 
interest) rather than strict geometric means (compound interest). This decision was made because the 
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target period is short (5 trading days) and daily return values are sufficiently small, such that the 
linear approximation 𝐥𝐧(𝟏 + 𝒓) ൎ  𝒓 holds. Thus, the arithmetic sum was judged to be appropriate 
given the trade-off between computational cost and precision. 

2.4. Data Splitting and Normalization 

Data splitting was performed chronologically: the first 80% was designated as the training data, 
and the latter 20% as the test data (random shuffling was not performed). For feature normalization, 
a StandardScaler was fitted on the training data, and the same transformation was applied to the test 
data. Using the mean $¥mu$ and standard deviation $¥sigma$ of the features during the training 
period, each feature vector $x$ is standardized as 𝒙ᇱ = 𝒙ି𝝁𝝈  (element-wise division). This ensures that 
scaling statistics are estimated based solely on information from the training period, thereby avoiding 
the leakage of future information. 

2.5. Quantum Kernel Learning (FidelityQuantumKernel + ZZFeatureMap) 

In the quantum kernel method, an input vector $x$ is mapped to a quantum state via a quantum 
circuit 𝑼(𝒙), defined as |𝝋(𝒙)⟩ = 𝑼(𝒙)|𝟎⟩⊗𝒏. The kernel value between two points $x$ and $xʹ$ is 
defined as the fidelity between the corresponding quantum states: 𝒌(𝒙,𝒙ᇱ) = |⟨𝝋(𝒙)|𝝋(𝒙ᇱ)⟩|𝟐 [2].  
This introduces a non-linear similarity measure based on the inner product in the quantum state 
space, enabling learning using a kernel matrix in the same manner as classical kernel methods. 

This implementation was constructed using the Qiskit framework, divided into two phases: 
Quantum Processing and Classical Post-processing. First, in the Quantum Processing phase, we 
adopted the ZZFeatureMap for the feature map. The number of repetitions, reps, is a parameter 
directly linked to circuit depth and the computational cost of fidelity estimation. This choice of circuit 
configuration is closely tied to the design of our feature space. We intentionally utilized a compact 
set of hand-crafted features to align with the constraints of current Noisy Intermediate-Scale 
Quantum (NISQ) devices. High-dimensional feature maps require deeper circuits with more 
entangling gates, which significantly increases susceptibility to noise and decoherence. Therefore, to 
balance the expressiveness of the quantum state space with the necessity of maintaining circuit 
fidelity, reps was fixed at 1. 

In the subsequent Classical Post-processing phase, the kernel matrix was calculated based on 
the fidelity between states obtained from the quantum circuit. We employed AerSimulator as the 
backend and calculated fidelity via statevector simulation using the ComputeUncompute algorithm, 
which is the default implementation of FidelityQuantumKernel. 

For the final classification, we adopted the 1-nearest neighbor (1-NN) algorithm. The reason for 
intentionally selecting 1-NN over learners involving optimization, such as Support Vector Machines 
(SVM), was to exclude the influence of additional optimization and to directly evaluate the effect of 
the geometric structure (similarity) of the feature space induced by the quantum kernel itself. While 
practical financial applications ultimately require assessment via economic metrics such as risk-
adjusted returns and transaction costs, these metrics introduce external variables independent of the 
kernel’s intrinsic performance. Consequently, this study prioritizes classification accuracy to validate 
the fundamental separability of the data mapped by the quantum kernel as a prerequisite for future 
economic backtesting. The specific prediction procedure is as follows: for a test sample 𝒙, the kernel 
values with the training reference set ൛𝒙𝒋ൟ are calculated, and the label 𝒚𝒋∗ of the training data point 
with the highest similarity (maximum kernel value) is assigned as the predicted label:  

 

It should be noted that the computational cost of the quantum kernel tends to increase 
quadratically with the size of the reference set. Considering time constraints, we used a subset of 100 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 February 2026 doi:10.20944/preprints202602.0745.v1

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

https://doi.org/10.20944/preprints202602.0745.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 9 

 

samples extracted from the training data as the reference set for the quantum kernel calculation, 
rather than the full dataset (whereas the full dataset was used for classical kernel calculations). To 
ensure reproducibility, these 100 samples were not selected via random sampling but were 
deterministically selected as the first 100 samples (indices 0–99) from the data sorted chronologically 
within the training interval.  

2.6. Classical Kernels (SVC: RBF / Linear) 

We adopted the Support Vector Classifier (SVC) from scikit-learn as the classical method for 
comparison. The RBF kernel enables non-linear separation via Gaussian kernels and serves as a 
strong baseline in financial non-linear pattern recognition. Conversely, the linear kernel provides the 
simplest decision boundary and is useful as a control to measure the contribution of non-linearity. 
Both models were trained using the full training dataset (approximately 1,152 samples). 
Hyperparameters were based on implementation defaults to avoid excessive tuning, prioritizing the 
reproducibility and interpretability of the comparative experiment. 

2.7. Evaluation Metrics and Implementation 

We adopted Accuracy as the metric for model performance evaluation. In addition to the 
prediction accuracy for each sector, we calculated the average accuracy and standard deviation across 
all 10 sectors to evaluate the modelʹs generalization performance and stability. 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  ൬𝟏𝑵൰෍𝑰(𝒚𝒏 = ŷ𝒏)𝑵
𝒏ୀ𝟏  

Here, 𝑰(⋅) represents the indicator function. 
All experiments in this study were conducted in a Python 3.12 environment. For quantum kernel 

calculations, we used Qiskit Machine Learning (v0.8.4) with AerSimulator as the backend, and for 
the implementation of classical classifiers (SVC), we used scikit-learn (v1.7.2). To ensure experimental 
reproducibility, data splitting and the extraction of the 100 samples for quantum learning were 
performed based on deterministic rules following chronological order, and a fixed seed was set for 
any processes requiring random numbers. 

3. Results 

3.1. Sector-Specific Classification Accuracy 

This section details the experimental results obtained using the Fama–French 10 Industry 
dataset. We compared three methods: the classical RBF kernel (Classical RBF), the classical linear 
kernel (Classical Linear), and the quantum kernel (Quantum ZZ). Classification accuracy on the test 
data was employed as the evaluation metric. 

Regarding the classification accuracy for each of the 10 Fama–French industries, the quantum 
kernel (Quantum ZZ) demonstrated higher performance than classical methods in two sectors: 
NoDur (Consumer Non-Durables) and Manuf (Manufacturing). Specifically, for NoDur, Quantum 
ZZ recorded 55.0%, surpassing Classical Linear (54.0%) and Classical RBF (52.9%). Furthermore, in 
Manuf, Quantum ZZ achieved 52.2%, whereas Classical RBF and Classical Linear were limited to 
47.8% and 45.7%, respectively. As indicated by these results, the improvement by the quantum kernel 
reached a maximum of 6.5 percentage points in the manufacturing sector, confirming a significant 
advantage. 

Conversely, classical methods exhibited superiority in other sectors. Notably, in HiTec (High 
Technology), Classical Linear recorded the highest accuracy of 59.9% across all experiments. This 
result suggests that a linearly separable structure dominates over complex non-linear mappings in 
this sector. Additionally, for Enrgy (Energy), Classical RBF recorded the highest value at 58.1%. Thus, 
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it was confirmed that the optimal kernel method is not uniform but depends strongly on sector-
specific data characteristics, particularly linear separability and volatility properties. 

3.2. Overall Average Accuracy and Stability 

Next, we calculated the mean accuracy and standard deviation to evaluate the generalization 
performance and stability of the models across all 10 industries. In terms of mean accuracy, Classical 
RBF performed best at 52.1%, followed by Quantum ZZ at 50.0% and Classical Linear at 48.4%. 
Although the mean accuracy of the quantum kernel is 2.1 percentage points lower than that of the 
classical RBF, it remains 1.6 percentage points higher than that of the linear kernel. 

Of particular note is the difference in stability represented by the standard deviation. The 
standard deviation of Quantum ZZ remained at 3.2%, the smallest among the three methods. In 
contrast, the standard deviation for Classical Linear was notably large at 7.0%, indicating that 
performance fluctuates significantly depending on the industry. The standard deviation for Classical 
RBF was 4.0%. These results indicate that the quantum kernel is less prone to extreme performance 
degradation due to differences in data distribution across sectors, possessing relatively stable 
learning characteristics. 

4. Discussion 

In this study, we formulated sector rotation prediction as a binary classification problem to 
determine whether each industry would outperform the market average over the subsequent five 
trading days. We compared classical kernels (RBF and Linear) with a quantum kernel (fidelity kernel 
based on the ZZFeatureMap). The results indicated that the classical RBF kernel achieved the highest 
average classification accuracy across all 10 industries at 52.1%, followed by the quantum ZZ kernel 
at 50.0% and the classical linear kernel at 48.4%. Consequently, under the current experimental 
settings, we cannot conclude that the quantum kernel universally outperforms the strong classical 
RBF baseline in terms of average performance. 

However, a notable finding is that the inter-sector accuracy variance (standard deviation) of the 
quantum ZZ kernel was the lowest at 3.2%, indicating that performance fluctuations across industries 
were suppressed compared to the classical RBF (4.0%) and classical linear (7.0%) kernels. Financial 
time series data are characterized by strong non-stationarity, and the impact of exogenous shocks 
and regime changes varies by industry. Therefore, not only average accuracy but also ʺstability that 
resists extreme performance degradationʺ holds significant practical importance [11]. Although this 
study focuses on classification accuracy as a primary metric for signal detection, this observed 
stability—low performance variance—suggests that quantum kernels may offer economic value in 
the context of risk management by potentially reducing portfolio drawdown risk. 

Regarding sector-specific performance, the quantum ZZ kernel achieved the highest accuracy in 
two industries: Consumer Non-Durables (NoDur) and Manufacturing (Manuf). In particular, an 
improvement of 4.4 percentage points over the classical RBF was observed in the Manufacturing 
sector. It is possible that in these industries, short-term relative strength manifests more consistently 
as a deviation from the market average, suggesting that the feature engineering based on statistics 
from the past 60 trading days and short-term momentum functioned effectively. 

Nevertheless, due to computational cost constraints, the quantum approach in this study was 
limited to a learning reference set of 100 samples and utilized a 1-nearest neighbor (1-NN) classifier. 
Consequently, the performance of the quantum ZZ kernel is simultaneously influenced by (i) the 
representativeness of the reference set, (ii) the nature of 1-NN which relies on local neighborhoods, 
and (iii) the expressibility constraints of a shallow quantum circuit (reps=1). It is important to note 
that we intentionally employed this compact feature set and shallow circuit depth to align with the 
hardware limitations of the NISQ era. While high-dimensional feature spaces might offer greater 
expressiveness, they require deeper circuits that introduce significant noise and decoherence errors. 
Therefore, we prioritized the mitigation of noise over high-dimensional expressiveness in this initial 
evaluation. While these constraints may work disadvantageously for industries with complex 
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distributions and high time-variability, the advantages of the quantum feature map likely surfaced 
in industries where short-term relative structures are stable. Thus, it is appropriate to interpret the 
results of this study not as ʺuniform quantum advantageʺ but as ʺconditional (sector-dependent) 
advantage.ʺ 

There are several clear limitations to this study. First, the classifiers and training conditions were 
not perfectly aligned between the classical and quantum methods. While a Support Vector Classifier 
was used for the classical approach, the quantum approach adopted 1-nearest neighbor to directly 
evaluate the similarity structure defined by the quantum feature map; strictly speaking, this does not 
constitute an end-to-end performance comparison. Second, the design of the quantum kernel was 
limited to the ZZFeatureMap (reps=1), and optimization of circuit depth or entangling structures was 
not performed. Third, the learning reference set for the quantum method was limited to 100 samples 
due to computational time constraints. 

Future research directions should include incorporating the quantum kernel as a precomputed 
kernel into a Support Vector Classifier to use the same classifier structure for both classical and 
quantum methods, thereby eliminating the influence of classifier discrepancies. Additionally, 
improving scalability through the gradual expansion of the reference set size and the introduction of 
kernel approximation methods, such as the Nyström approximation or advanced sampling 
strategies, is a key challenge. Furthermore, while classification accuracy serves as a fundamental 
validation of the kernelʹs pattern recognition capability, bridging the gap to practical investment 
strategies is essential. Future work must extend the evaluation to economic value by connecting 
classification results to actual sector rotation strategies and verifying practical feasibility using 
metrics such as cumulative returns, Sharpe ratios, and maximum drawdowns incorporating 
transaction costs. 

5. Conclusions 

In this study, to verify whether quantum kernel learning can demonstrate practical advantages 
for sector rotation prediction in financial data, we conducted a comparative evaluation of quantum 
and classical kernel methods using daily returns from the Fama–French 10 Industry Portfolios. We 
specifically designed a compact feature set suitable for NISQ devices to evaluate the fundamental 
geometric properties of the quantum kernel under noise-constrained conditions. The primary 
findings are as follows. First, the quantum kernel achieved the highest accuracy in 2 out of 10 
industries (Consumer Non-Durables and Manufacturing), showing a significant improvement of +4.4 
percentage points over the classical RBF kernel specifically in the Manufacturing sector. This suggests 
that the similarity structure defined by the quantum feature map can function effectively for 
identifying short-term relative strength in certain industries. Second, regarding the average accuracy 
across all industries, the classical RBF kernel performed best, and the quantum kernel did not surpass 
it. Third, the quantum kernel exhibited the smallest performance variance among industries, 
demonstrating relatively stable behavior across sectors. 

These results indicate that the effectiveness of quantum kernel learning should be understood 
not as a ʺuniversal quantum advantageʺ that appears uniformly in overall averages, but as a 
conditional advantage that manifests under specific industries or market conditions. Therefore, from 
the perspective of practical application, it is appropriate to position the quantum kernel not as a 
universal replacement for classical methods, but as a complementary tool to be deployed selectively 
according to industry characteristics and market phases. Future work will focus on scaling the feature 
dimensions and reference sets while addressing noise mitigation, as well as evaluating the economic 
utility of the model through rigorous backtesting that accounts for market friction. 
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