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ABSTRACT 
This study provides a comprehensive empirical benchmark of quantum, classical, and Bayesian machine 
learning approaches for regression under challenging small-sample conditions with multicollinear features 
and skew-normal innovations. We systematically compare nine algorithms—including three quantum 
methods (Quantum Circuit Learning, Quantum Error Regression, Quantum Kernel Methods), four classical 
machine learning techniques (Lasso, Ridge, Random Forest, Gradient Boosting, Support Vector 
Regression), and Bayesian Structural Time Series—across two sample size regimes (n=30 and n=80) with 
five features. Outcome of the study revealed robust sample-size-dependent performance hierarchies in 
regularized linear methods (Lasso, Ridge) and Bayesian paradigms which ordinarily subsist in small-sample 
regimes of (n=30), with RMSE values of 4.46-5.74, while non-linear ensemble methods (Random Forest) 
exhibited superiority with moderate samples (n=80, RMSE: 2.07). Quantum machine learning methods had 
overtimes underperform classical benchmarks when exhibiting 91% higher error rates at small sample size 
of n=30, this may be due to classical method learned the noise, though Quantum Circuit Learning exhibited 
substantial convergence toward classical performance at n=80 (only 25% worse than best model),thus 
higher sample sizes thresholds will be better off for quantum-classical parity. 
 
Keywords: Quantum-Bayesian, Time-Series, Machine Learning, Skew-Normal, MCMC  

1. Introduction 

Time-series forecasting remains a cornerstone of statistical machine learning, with 
applications spanning financial risk management, epidemiological surveillance, energy demand 
forecasting, and climate modeling. Classical approaches—including autoregressive integrated 
moving average (ARIMA) models (Box et al., 2015), exponential smoothing frameworks 
(Hyndman et al., 2008), and deep learning architectures such as recurrent neural networks 
(Hochreiter & Schmidhuber, 1997)—have achieved considerable success across diverse domains. 
However, these methods typically operate under a critical simplifying assumption: that innovation 
terms follow Gaussian distributions. This assumption, while mathematically tractable, 
fundamentally misrepresents the asymmetric nature of real-world shocks. Financial returns exhibit 
negative skewness during market crashes (Mandelbrot, 1963; Cont, 2001), electricity demand 
demonstrates positive skewness during extreme weather events (Taylor, 2010), and 
epidemiological case counts display heavy-tailed, asymmetric distributions during outbreak phases 
(Chowell et al., 2016). 

Bayesian structural time-series (BSTS) models offer a principled alternative, decomposing 
observations into interpretable components,trend, seasonality, and autocorrelation, while 
providing rigorous uncertainty quantification through posterior distributions (Scott & Varian, 
2014; Brodersen et al., 2015). However, extending BSTS beyond Gaussian innovations introduces 
formidable computational challenges. The skew-normal distribution (Azzalini, 1985; Azzalini & 
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Capitanio, 2014), which generalizes the Gaussian through a shape parameter controlling 
asymmetry, requires computationally expensive likelihood evaluations. When combined with 
high-dimensional parameter spaces and latent state sequences, Markov Chain Monte Carlo 
(MCMC) inference becomes prohibitively slow for long time-series, limiting practical adoption 
despite theoretical appeal (Hoffman & Gelman, 2014). 

Quantum computing has emerged as a potentially transformative paradigm for Bayesian 
inference, particularly for exploring complex, multimodal posterior distributions (Biamonte et al., 
2017). Quantum Hamiltonian Monte Carlo (QHMC) leverages quantum superposition to explore 
multiple regions of parameter space simultaneously, offering potential polynomial or exponential 
speedups over classical MCMC for specific problem classes (Kadowaki & Nishimori, 1998; 
Somma et al., 2008). Recent work has established convergence guarantees for quantum MCMC 
algorithms (Chen et al., 2021) and demonstrated proof-of-concept implementations for Bayesian 
logistic regression (Zoufal et al., 2021). However, applications to non-Gaussian time-series models 
remain largely unexplored, representing a critical gap at the intersection of Bayesian time-series 
analysis and quantum machine learning (Schuld & Petruccione, 2018; Cerezo et al., 2022). 
This research introduces Quantum-Bayesian Structural Time-Series Machine Learning with Skew-
Normal Innovations (Q-BSTS-SN), a novel framework addressing three fundamental challenges: 
(1) distributional flexibility through skew-normal innovations capturing asymmetric shocks, (2) 
structural interpretability via explicit trend-seasonal decomposition enabling causal inference, and 
(3) computational scalability through Quantum Hamiltonian Monte Carlo sampling that 
circumvents the curse of dimensionality. This represents the first integration of flexible, non-
Gaussian error distributions into quantum-accelerated time-series inference, with immediate 
applications to financial risk management where accurate tail risk estimation is paramount 
(McNeil et al., 2015), and to robust forecasting in volatile domains including energy markets 
(Weron, 2014) and public health surveillance (Lloyd-Smith et al., 2005). By enabling principled 
probabilistic forecasts under realistic distributional assumptions at previously infeasible scales, the 
Q-BSTS-SN framework has potential to transform statistical practice in domains where model 
misspecification costs are high and decision-making under asymmetric uncertainty is critical.  

2. Methodology 

2.1 Model Design 
2.1.1 Bayesian Structural Time-Series Framework 

The proposed Quantum-Bayesian Structural Time-Series model with Skew-Normal 
innovations (Q-BSTS-SN) decomposes the observed time-series 𝑦௧  into additive components 
following the state-space representation: 

 𝑦௧ = 𝜇௧ + 𝛾௧ + 𝜙(𝐿)𝜖௧ + 𝜈௧,    𝜈௧ ∼ SN(0, 𝜎ଶ, 𝛼) (1) 
where 𝜇௧  represents the trend component, 𝛾௧  denotes seasonal effects, 𝜙(𝐿)𝜖௧  captures 
autocorrelation through a lag polynomial operator 𝐿, and 𝜈௧ follows a skew-normal distribution 
with location 0, scale 𝜎ଶ, and shape parameter 𝛼 controlling asymmetry. 
2.1.2 Trend Specification 

The trend component follows a local linear trend model Harvey(1989): 
 𝜇௧ = 𝜇௧ିଵ + 𝛽௧ିଵ + 𝜂௧ ,    𝜂௧ ∼ 𝑁(0, 𝜎ఓ

ଶ) (2) 
 𝛽௧ = 𝛽௧ିଵ + 𝜉௧,    𝜉௧ ∼ 𝑁(0, 𝜎ఉ

ଶ) (3) 
 
where 𝜇௧ is the level, 𝛽௧ is the slope, and 𝜂௧, 𝜉௧ are Gaussian transition errors. This formulation 
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allows for smooth, time-varying trends without imposing rigid parametric constraints. 
2.1.3 Seasonal Component 

For series exhibiting periodicity 𝑆 , we employ a trigonometric seasonal specification 
(West & Harrison, 1997): 

 𝛾௧ = ∑⌊ௌ/ଶ⌋
௝ୀଵ ቂ𝛾௝,௧cos ቀ

ଶగ௝௧

ௌ
ቁ + 𝛾௝,௧

∗ sin ቀ
ଶగ௝௧

ௌ
ቁቃ (4) 

where 𝛾௝,௧ and 𝛾௝,௧
∗  evolve according to: 

 𝛾௝,௧ = 𝛾௝,௧ିଵcos ቀ
ଶగ௝

ௌ
ቁ + 𝛾௝,௧ିଵ

∗ sin ቀ
ଶగ௝

ௌ
ቁ + 𝜔௝,௧ (5) 

 𝛾௝,௧
∗ = −𝛾௝,௧ିଵsin ቀ

ଶగ௝

ௌ
ቁ + 𝛾௝,௧ିଵ

∗ cos ቀ
ଶగ௝

ௌ
ቁ + 𝜔௝,௧

∗  (6) 

with 𝜔௝,௧, 𝜔௝,௧
∗ ∼ 𝑁(0, 𝜎ఊ

ଶ). 
2.1.4 Autocorrelation Structure 
The autoregressive component is modeled as an AR(𝑝) process: 

 𝜙(𝐿)𝜖௧ = 𝜙ଵ𝜖௧ିଵ + 𝜙ଶ𝜖௧ିଶ + ⋯ + 𝜙௣𝜖௧ି௣ + 𝜁௧ ,    𝜁௧ ∼ 𝑁(0, 𝜎఍
ଶ) (7) 

where 𝜙ଵ, … , 𝜙௣ are autoregressive coefficients satisfying stationarity constraints. 
 

2.1.5 Skew-Normal Innovation Distribution 
The observation error 𝜈௧ follows the skew-normal distribution (Azzalini, 1985): 

 𝑓(𝜈௧|𝜎, 𝛼) =
ଶ

ఙ
𝜙 ቀ

ఔ೟

ఙ
ቁ Φ ቀ𝛼

ఔ೟

ఙ
ቁ (8) 

where 𝜙(⋅) is the standard normal PDF, Φ(⋅) is the standard normal CDF, 𝜎 > 0 is the scale 
parameter, and 𝛼 ∈ ℝ controls skewness. When 𝛼 = 0, the distribution reduces to Gaussian; 𝛼 <
0 induces left skewness, and 𝛼 > 0 produces right skewness. 
2.1.6 State-Space Representation 

The complete model admits a state-space form: 
 𝐲௧ = 𝐙௧𝜽௧ + 𝐮௧ ,    𝐮௧ ∼ SN(𝟎, 𝐇௧, 𝜶) (9) 
 𝜽௧ = 𝐓௧𝜽௧ିଵ + 𝐑௧𝜼௧ ,    𝜼௧ ∼ 𝑁(𝟎, 𝐐௧) (10) 

where 𝜽௧ = (𝜇௧, 𝛽௧, 𝛾ଵ,௧, 𝛾ଵ,௧
∗ , … , 𝜖௧ିଵ, … , 𝜖௧ି௣)ୃ is the state vector, 𝐙௧ is the observation matrix, 

𝐓௧ is the transition matrix, and 𝐇௧, 𝐐௧ are covariance matrices. 
2.2 Estimators and Algorithms 
2.2.1 Bayesian Inference Framework 

Let 𝚯 = {𝜽ଵ:் , 𝜎ఓ
ଶ, 𝜎ఉ

ଶ, 𝜎ఊ
ଶ, 𝜎఍

ଶ, 𝜎, 𝛼, 𝜙ଵ, … , 𝜙௣}  denote the complete parameter set. The 
posterior distribution is: 

 𝑝(𝚯|𝐲ଵ:்) ∝ 𝑝(𝐲ଵ:்|𝚯)𝑝(𝚯) (11) 
where the likelihood incorporates skew-normal innovations: 

 𝑝(𝐲ଵ:்|𝚯) = ∏்
௧ୀଵ

ଶ

ఙ
𝜙 ቀ

௬೟ି𝐙೟𝜽೟

ఙ
ቁ Φ ቀ𝛼

௬೟ି𝐙೟𝜽೟

ఙ
ቁ (12) 

2.2.2  Prior Specifications 
We adopt hierarchical priors following Gelman et al. (2013): 
 𝜎ఓ

ଶ, 𝜎ఉ
ଶ, 𝜎ఊ

ଶ, 𝜎఍
ଶ ∼ Inverse − Gamma(𝑎଴, 𝑏଴) (13) 

 𝜎 ∼ Half − Cauchy(0, 𝑠଴) (14) 
 𝛼 ∼ 𝑁(0, 𝜏ఈ

ଶ) (15) 
 𝜙௝ ∼ 𝑁(0, 𝜏థ

ଶ )𝕀(stationarity) (16) 
where 𝕀(⋅) enforces stationarity constraints on AR coefficients. 
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2.2.3 Classical MCMC: Hamiltonian Monte Carlo 
For benchmark comparison, we implement the No-U-Turn Sampler (NUTS), an adaptive 

Hamiltonian Monte Carlo algorithm (Hoffman & Gelman, 2014). The HMC algorithm augments 
the parameter space with momentum variables 𝐫 and simulates Hamiltonian dynamics: 

 𝐻(𝚯, 𝐫) = −log𝑝(𝚯|𝐲ଵ:்) +
ଵ

ଶ
𝐫ୃ𝐌ିଵ𝐫 (17) 

where 𝐌 is a mass matrix. The algorithm iteratively: 
    1.  Samples momentum: 𝐫 ∼ 𝑁(𝟎, 𝐌)  
    2.  Integrates Hamilton’s equations using leapfrog integration:  
 𝐫(𝑡 + 𝜖/2) = 𝐫(𝑡) −

ఢ

ଶ
∇𝚯𝑈(𝚯(𝑡)) (18) 

 𝚯(𝑡 + 𝜖) = 𝚯(𝑡) + 𝜖𝐌ିଵ𝐫(𝑡 + 𝜖/2) (19) 
 𝐫(𝑡 + 𝜖) = 𝐫(𝑡 + 𝜖/2) −

ఢ

ଶ
∇𝚯𝑈(𝚯(𝑡 + 𝜖)) (20) 

    3.  Accepts/rejects via Metropolis criterion  
2.2.4 Quantum Hamiltonian Monte Carlo 

The Quantum HMC algorithm (Somma et al., 2008; Lemieux et al., 2020) exploits quantum 
phase estimation to prepare quantum states proportional to ඥ𝑝(𝚯|𝐲ଵ:்). The algorithm proceeds 
as follows: 
Step 1: Hamiltonian Encoding 

Encode the negative log-posterior as a quantum Hamiltonian: 
 𝐻෡ = −log𝑝(𝚯|𝐲ଵ:்) = 𝑈(𝚯) + 𝐾(𝐫) (21) 

where 𝑈(𝚯) is the potential energy (negative log-posterior) and 𝐾(𝐫) is the kinetic energy. 
Step 2: Quantum State Preparation 

Initialize quantum registers encoding parameter values 𝚯 and momentum 𝐫: 
 |𝜓଴〉 = ∑𝚯 𝑐𝚯|𝚯〉 ⊗ |0〉௥ (22) 

Step 3: Quantum Phase Estimation 
Apply quantum phase estimation to implement 𝑒ି௜ு෡௧, which evolves the state according 

to Hamiltonian dynamics: 
 |𝜓(𝑡)〉 = 𝑒ି௜ு෡௧|𝜓଴〉 (23) 

This is achieved through:   
    • Trotterization: 𝑒ି௜ு෡௧ ≈ ൫𝑒ି௜ (𝚯)௧/௡𝑒ି௜௄(𝐫)௧/௡൯

௡
  

    • Quantum oracle calls to evaluate 𝑈(𝚯) (skew-normal likelihood)  
    • Controlled rotations encoding potential energy  

Step 4: Amplitude Amplification 
Use Grover-like amplitude amplification (Brassard et al., 2002) to boost the probability of 

measuring states in high-posterior-density regions: 
 |𝜓ୟ୫୮〉 = (2|𝜓〉〈𝜓| − 𝐼)(2|𝑠〉〈𝑠| − 𝐼)௞|𝜓(𝑡)〉 (24) 

where 𝑘 = 𝑂(ඥ1/𝑝ୟୡୡୣ୮୲) iterations provide quadratic speedup in acceptance probability. 
Step 5: Measurement and Classical Post-Processing 

Measure the quantum state to obtain parameter samples. Repeat Steps 2-5 to generate 
MCMC chain {𝚯(ଵ), … , 𝚯(ே)}. 
2.2.5 Quantum Oracle for Skew-Normal Likelihood 

The key computational bottleneck is evaluating the skew-normal density, which requires 
computing Φ(𝛼𝑧) where 𝑧 = (𝑦௧ − 𝐙௧𝜽௧)/𝜎. We implement a quantum oracle using: 

    1.  Quantum arithmetic circuits for computing residuals 𝑦௧ − 𝐙௧𝜽௧  
    2.  Quantum polynomial approximation of Φ(⋅) via Chebyshev expansion 
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(Rebentrost et al., 2018)  
    3.  Phase kickback to encode −log𝑓(𝜈௧) into quantum register  
The oracle complexity is 𝑂(poly(log𝑇, log𝑑)) where 𝑑 is the state dimension, compared 

to 𝑂(𝑇 ⋅ 𝑑) for classical evaluation. 
2.2.6 Convergence Diagnostics 
We assess MCMC convergence using:   

    • Gelman-Rubin 𝑅෠ statistic (Gelman & Rubin, 1992): 𝑅෠ < 1.1 for all parameters  
    • Effective sample size (ESS): ESS > 400 per chain  
    • Trace plots and autocorrelation function analysis  
    • Geweke diagnostic (Geweke, 1992) for chain stationarity  

2.3 Data Generation Process 
2.3.1 Simulation Design 

To validate the Q-BSTS-SN framework, we generate synthetic time-series with known 
ground-truth parameters across four scenarios representing increasing complexity: 
Scenario 1: Stationary with Moderate Skewness   

    • Length: 𝑇 = 500  
    • Trend: 𝜇௧ = 100 (constant)  
    • Seasonality: 𝑆 = 12, amplitude 𝐴 = 5  
    • AR(1): 𝜙ଵ = 0.6  
    • Innovation: 𝛼 = 3 (right-skewed), 𝜎 = 2  

Scenario 2: Non-Stationary with Strong Negative Skewness   
    • Length: 𝑇 = 1000  
    • Trend: Local linear with 𝜎ఓ = 0.5, 𝜎ఉ = 0.1  
    • Seasonality: 𝑆 = 52, time-varying amplitude  
    • AR(2): 𝜙ଵ = 0.8, 𝜙ଶ = −0.3  
    • Innovation: 𝛼 = −5 (left-skewed), 𝜎 = 3  

Scenario 3: Multiple Seasonality   
    • Length: 𝑇 = 2000  
    • Trend: Smooth spline with changepoints  
    • Seasonality: Daily (𝑆ଵ = 7) and annual (𝑆ଶ = 365)  
    • AR(3): 𝜙 = (0.5,0.3, −0.2)  
    • Innovation: 𝛼 = 4, 𝜎 = 1.5  

Scenario 4: High-Dimensional with Structural Breaks   
    • Length: 𝑇 = 5000  
    • Trend: Piecewise linear with breaks at 𝑡 = 1500,3000  
    • Seasonality: Hierarchical (weekly, monthly, quarterly)  
    • AR(5): Random coefficients within stationarity region  
    • Innovation: Time-varying 𝛼௧ ∈ [−6,6], heteroskedastic 𝜎௧  

2.3.2 Generation Algorithm 
For each scenario: 

    1.  Initialize state vector 𝜽଴ from prior  
    2.  For 𝑡 = 1, … , 𝑇:   
        (a) Update state: 𝜽௧ = 𝐓௧𝜽௧ିଵ + 𝐑௧𝜼௧  
        (b) Generate skew-normal innovation: 𝜈௧ = 𝛿|𝜖௧| + (1 − 𝛿)𝜖௧ where 𝜖௧ ∼

𝑁(0, 𝜎ଶ), 𝛿 = 𝛼/√1 + 𝛼ଶ  
        (c) Compute observation: 𝑦௧ = 𝐙௧𝜽௧ + 𝜈௧  
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    3.  Store true parameters for evaluation  
2.4 EvaluaƟon Metrics 
2.4.1 Point Forecast Accuracy 
We assess point forecast performance using: 

 MAE =
ଵ

௛
∑௛

௜ୀଵ |𝑦்ା௜ − 𝑦ො்ା௜| (25) 
 

 RMSE = ට
ଵ

௛
∑௛

௜ୀଵ (𝑦்ା௜ − 𝑦ො்ା௜)ଶ (26) 

 

 MAPE =
ଵ଴଴

௛
∑௛

௜ୀଵ ቚ
௬೅శ೔ି௬ො೅శ೔

௬೅శ೔
ቚ (27) 

where ℎ is the forecast horizon and 𝑦ො்ା௜ is the posterior mean predicƟon. 
2.4.2 ProbabilisƟc Forecast EvaluaƟon 
For uncertainty quanƟficaƟon assessment: 
ConƟnuous Ranked Probability Score (CRPS):  

 CRPS(𝐹, 𝑦) = ∫
ஶ

ିஶ
[𝐹(𝑥) − 𝕀(𝑥 ≥ 𝑦)]ଶ𝑑𝑥 (28) 

where 𝐹 is the predicƟve CDF. 
Log PredicƟve Density (LPD):  

 LPD =
ଵ

௛
∑௛

௜ୀଵ log𝑝(𝑦்ା௜|𝐲ଵ:்) (29) 
PredicƟon Interval Coverage Probability (PICP):  

 PICPఈ =
ଵ

௛
∑௛

௜ୀଵ 𝕀(𝑦்ା௜ ∈ [𝐿்ା௜
ఈ , 𝑈்ା௜

ఈ ]) (30) 
where [𝐿ఈ, 𝑈ఈ] is the (1 − 𝛼) credible interval. 
QuanƟle Score (Pinball Loss):  

 QSఛ(𝑦, 𝑞ොఛ) = (𝜏 − 𝕀(𝑦 < 𝑞ොఛ))(𝑦 − 𝑞ොఛ) (31) 
for quanƟle 𝜏 ∈ (0,1). 
2.4.3 Tail Risk Metrics 
Given the focus on skewness, we evaluate tail forecasts: 
Expected Shorƞall Coverage:  

 ESఈ = −
ଵ

ఈ
∫

ఈ

଴
VaR௨𝑑𝑢 (32) 

Tail Weighted CRPS (twCRPS):  
 twCRPS(𝐹, 𝑦, 𝑤) = ∫

ஶ

ିஶ
𝑤(𝑥)[𝐹(𝑥) − 𝕀(𝑥 ≥ 𝑦)]ଶ𝑑𝑥 (33) 

with weight funcƟon 𝑤(𝑥) = |𝑥|௣ emphasizing tails. 
2.4.4 Parameter Recovery (SimulaƟon Study) 
For syntheƟc data with known truth 𝚯∗: 
Bias: 

 Bias(𝜃௝) = 𝔼[𝜃෠௝] − 𝜃௝
∗ (34) 

Root Mean Square Error:  

 RMSE(𝜃௝) = ට𝔼[(𝜃෠௝ − 𝜃௝
∗)ଶ] (35) 

Credible Interval Coverage:  
 Coverage(𝜃௝) = ℙ(𝜃௝

∗ ∈ [𝜃෠௝
଴.଴ଶହ, 𝜃෠௝

଴.ଽ଻ହ]) (36) 
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2.4.5 ComputaƟonal Efficiency 
We compare classical HMC and quantum HMC on: 

    • Wall-clock Ɵme to convergence  
    • Number of likelihood evaluaƟons  
    • EffecƟve samples per second (ESS/sec)  
    • Memory footprint  
    • Quantum resources: gate count, circuit depth, qubit requirements  

2.4.6 Model Comparison 
We benchmark Q-BSTS-SN against: 

    1.  BSTS-Gaussian (ScoƩ & Varian, 2014)  
    2.  BSTS-Student-𝑡 (Nakajima & Omori, 2012)  
    3.  LSTM networks (Hochreiter & Schmidhuber, 1997)  
    4.  Prophet (Taylor & Letham, 2018)  
    5.  DeepAR (Salinas et al., 2020)  

using Bayesian leave-one-out cross-validaƟon (LOO-CV) and Watanabe-Akaike InformaƟon 
Criterion (WAIC): 

 WAIC = −2(lppd − 𝑝୛୅୍େ) (37) 
where lppd is log pointwise predicƟve density and 𝑝୛୅୍େ is the effecƟve number of parameters. 

3. Data Analysis and Interpretation 

 The study examined Quantum Machine Learning regression by demonstrating 
comparison among various Quantum Machine Learning Regression estimators with dual 
uncertainties. two distinct sample sizes were considered and presentation are below.  

  
Table 1: Quantum-Bayesian Time-Series ML with Skew-Normal Innovations with Sample Size 30 

 
  Model : n=30   Type   MAE   RMSE  
 Lasso   Classical ML   4.014328   4.459822  
 Bayesian BSTS   Bayesian   4.457311   4.789605  
 Ridge   Classical ML   4.616860   5.738537  
 QCL (Quantum)   Quantum ML   7.446932   8.526939  
 Random Forest   Classical ML   7.844096   8.720823  
 Gradient Boosting   Classical ML   8.239102   9.053526  
 SVR   Classical ML   8.565295   9.197438  
 QERR (Quantum)   Quantum ML   8.615659   9.917393  
 QKM (Quantum)   Quantum ML   11.563047   12.173370  
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Figure 1: Charts showing Comparisons of QBTSML Regression Estimators with Sample Size 30 
The results for n=30 samples reveal a clear performance stratification favoring classical 

regularized methods over both ensemble approaches and quantum algorithms. Lasso regression 
achieved the best performance (RMSE: 4.46, MAE: 4.01), followed closely by Bayesian BSTS 
(RMSE: 4.79, MAE: 4.46) and Ridge regression (RMSE: 5.74, MAE: 4.62). This dominance of 
regularized linear models aligns with established statistical learning theory for small-sample, high-
dimensional settings (Hastie et al., 2009; Tibshirani, 1996). The superior performance of Lasso 
suggests underlying signal sparsity, where L1 regularization effectively performs feature selection 
even with limited data, while Ridge’s competitive performance confirms the presence of 
multicollinearity that L2 regularization successfully addresses (Hoerl & Kennard, 1970). The 
Bayesian BSTS model’s near-equivalence to classical regularized methods validates Scott & 
Varian’s (2014) findings that Bayesian approaches provide robust uncertainty quantification 
through prior regularization, with the added benefit of capturing asymmetric error distributions via 
skew-normal innovations (Azzalini & Capitanio, 2014). 

In stark contrast, quantum machine learning methods significantly underperformed across 
all three implementations: QCL (RMSE: 8.53), QERR (RMSE: 9.92), and QKM (RMSE: 12.17)—
representing 91%, 122%, and 173% higher error rates compared to Lasso, respectively. This 
underperformance aligns with recent theoretical findings by Cerezo et al. (2021) and McClean et 
al. (2018) regarding the “barren plateau” phenomenon, where variational quantum circuits struggle 
to find meaningful gradients in small training sets. The particularly poor performance of Quantum 
Kernel Methods (QKM) contradicts initial theoretical promises by Havlíček et al. (2019) but 
supports recent skeptical findings by Liu et al. (2021), who demonstrated that quantum kernel 
advantages require specific data distributions and sufficient sample sizes—conditions not met with 
only n=30 samples. Classical ensemble methods (Random Forest RMSE: 8.72, Gradient Boosting 
RMSE: 9.05) also underperformed, confirming Breiman’s (2001) theoretical results that tree-based 
ensembles require substantially larger sample sizes (typically n> 100) for stable feature space 
partitioning, as bootstrap samples with n=30 contain insufficient unique observations for robust 
tree construction. 
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Table 2: Quantum-Bayesian Time-Series ML with Skew-Normal Innovations with Sample Size 80  
  Model: n=80   Type   MAE   RMSE  
 Random Forest   Classical ML   1.674860   2.066718  
 Bayesian BSTS   Bayesian   2.014730   2.264486  
 Gradient Boosting   Classical ML   2.090758   2.666035  
 SVR   Classical ML   2.094488   2.438508  
 Lasso   Classical ML   2.191853   2.412800  
 QCL (Quantum)   Quantum ML   2.259849   2.583984  
 QERR (Quantum)   Quantum ML   3.021009   3.454816  
 QKM (Quantum)   Quantum ML   4.462650   4.997365  
 Ridge   Classical ML   22.905929   23.023118  

  
Figure 2: Charts showing Comparisons of QBTSML Regression EsƟmators with Sample Size 80 

With sample size increased to n=80, the competitive landscape shifted dramatically, with 
non-linear ensemble methods rising to dominance while quantum approaches showed differential 
improvement trajectories. Random Forest achieved the best performance (RMSE: 2.07, MAE: 
1.67), representing a remarkable 76% improvement from n=30 and surpassing previously 
dominant regularized methods: Bayesian BSTS (RMSE: 2.26), Lasso (RMSE: 2.41), and SVR 
(RMSE: 2.44). This reversal validates Breiman’s (2001) theory that ensemble methods require 
sufficient data for stable tree construction, with bootstrap samples at n=80 containing adequate 
unique observations (∼50-60) for meaningful feature space partitioning. Notably, Quantum Circuit 
Learning (QCL) achieved substantial improvement to RMSE: 2.58 (70% reduction from n=30), 
entering the top-tier performance bracket and ranking 5th overall. This convergence toward 
classical benchmarks—now only 25% worse than the best model compared to 91% worse at 
n=30—supports theoretical predictions by Schuld et al. (2020) and empirical findings by Huang 
et al. (2021) that variational quantum circuits require critical data thresholds to properly explore 
parameter landscapes and escape barren plateaus. 
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However, persistent challenges remain for specific approaches across both quantum and 
classical domains. Quantum Kernel Methods (QKM) improved by 59% to RMSE: 5.00 but 
remained third-worst, suggesting fundamental algorithmic limitations beyond mere sample size 
constraints. This continued underperformance aligns with recent findings by Kübler et al. (2021), 
who proved that quantum kernels provide advantages only for engineered data distributions that 
may not reflect real-world structures, and with Schuld & Killoran’s (2019) warnings about 
exponentially large Hilbert spaces potentially inducing overfitting rather than beneficial 
expressivity. Most remarkably, Ridge regression exhibited catastrophic failure (RMSE: 23.02, 
representing 401% degradation from n=30), an anomalous result inconsistent with theoretical 
expectations that regularized methods should improve with additional data (Hoerl & Kennard, 
1970). This likely indicates hyperparameter misconfiguration, numerical instability in matrix 
operations, or violations of i.i.d. assumptions due to temporal autocorrelation in the skew-normal 
time-series structure—warranting further investigation as it contradicts established Ridge 
regression theory. Overall, the differential improvement rates across methods reveal that 
variational quantum circuits (QCL) may achieve classical parity at approximately n=100-150 
samples, while quantum kernel approaches may require substantially larger datasets or 
fundamentally different data structures to demonstrate theoretical advantages. 

4. Conclusion 

This comparative study reveals that optimal regression methods depend critically on 
sample size: regularized linear approaches (Lasso, Ridge) and Bayesian methods excel with 
limited data (n=30) through explicit variance control, while ensemble methods (Random Forest, 
Gradient Boosting) require moderate samples (𝑛 ≥ 80)  to achieve superior performance. 
Quantum machine learning algorithms currently underperform classical benchmarks by 91% at 
small sample sizes due to barren plateaus, gradient instabilities, and overfitting in high-
dimensional quantum spaces. However, Quantum Circuit Learning exhibited 70% error reduction 
as samples size increased from 30 to 80, suggesting strong parity with classical methods around 
n=100-150 samples, while Quantum Kernel Methods remained persistently weak. The practical 
recommendation is clear: use regularized or Bayesian methods for small datasets, transition to 
ensembles beyond sample size greater than 100.  
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