
 

~217~ 

International Journal of Statistics and Applied Mathematics 2024; 9(4): 217-220 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

ISSN: 2456-1452 

Maths 2024; 9(4): 217-220 

© 2024 Stats & Maths 

https://www.mathsjournal.com 

Received: 25-05-2024 

Accepted: 28-06-2024 

 

Samuel Mwangi 

Department of Discrete 

Mathematics, Mombasa 

Graduate School of Probability 

Studies, Mombasa, Coast, Kenya 

 

Grace Njeri 

Department of Discrete 

Mathematics, Mombasa 

Graduate School of Probability 

Studies, Mombasa, Coast, Kenya 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corresponding Author: 

Samuel Mwangi 

Department of Discrete 

Mathematics, Mombasa 

Graduate School of Probability 

Studies, Mombasa, Coast, Kenya 

 
 

 

 

 

 

 
 

 

 

Generalizing Markov chain monte Carlo for posterior 

sampling with applications to great plains tornado 

occurrence 

 
Samuel Mwangi and Grace Njeri 
 

DOI: https://www.doi.org/10.22271/maths.2024.v9.i4c.2364 

 
Abstract 

Markov chain Monte Carlo methods remain the workhorse of Bayesian computation, yet standard 

samplers struggle with the multimodal, heavy-tailed posteriors that arise in extreme-event modelling. 

This research introduced an adaptive MCMC sampler that blends Hamiltonian dynamics with tempered 

transitions and tested it on a Bayesian logistic model for tornado occurrence across the United States 

Great Plains. Tornado reports from the Storm Prediction Center archive (2000-2022) were merged with 

atmospheric reanalysis covariates convective available potential energy (CAPE), 0-6 km wind shear, and 

low-level moisture flux at 1396 grid cells covering Kansas, Oklahoma, Nebraska, and Texas. The 

proposed sampler was benchmarked against Gibbs sampling, random-walk Metropolis-Hastings, 

standard Hamiltonian Monte Carlo (HMC), and the No-U-Turn sampler (NUTS). Effective sample size 

per second served as the main efficiency metric. The adaptive sampler achieved a median effective 

sample size of 847 per second, compared with 312 for NUTS and 94 for Gibbs. Posterior estimates for 

the CAPE coefficient (mean 1.73, 95% credible interval 1.21-2.28) and wind shear coefficient (mean 

0.91, 0.54-1.31) were consistent across all samplers, confirming that the efficiency gain did not 

compromise inferential accuracy. Tornado occurrence probability maps generated from the posterior 

showed strong agreement with observed tornado density, with an area under the ROC curve of 0.84. 

 

Keywords: Markov chain Monte Carlo, Bayesian inference, tornado occurrence, Great Plains, 

Hamiltonian dynamics, adaptive sampling, logistic regression, extreme events 

 

Introduction 

The ancient art of weather prediction has evolved into a probabilistic enterprise, yet certain 

extreme phenomena tornadoes among them remain notoriously hard to forecast beyond a few 

hours [1]. The Great Plains of the United States, stretching from Texas to Nebraska, records 

more tornadoes per unit area than any other region on Earth, earning the informal label 

Tornado Alley [2]. Statistical models that relate tornado occurrence to large-scale atmospheric 

variables can complement short-range convective forecasts by providing climatological 

baselines against which seasonal anomalies are measured [3]. 

Bayesian inference offers a principled approach to such models, placing prior distributions on 

regression coefficients and updating them with observed data to obtain posterior distributions 

that reflect both prior knowledge and empirical evidence [4]. But the posterior landscapes 

encountered in extreme-event models tend to be rugged: strong nonlinear covariate 

interactions, zero-inflation from the rarity of tornadoes at individual grid cells, and heavy-

tailed error structures create multimodal or ridged surfaces that standard MCMC samplers 

navigate slowly [5]. 

This research developed an adaptive MCMC sampler that addresses these difficulties by 

combining the gradient-based exploration of Hamiltonian Monte Carlo with tempered 

transitions that help the chain cross low-probability valleys between modes [6]. The sampler 

was tested on a Bayesian logistic regression model for monthly tornado occurrence across 

1396 Great Plains grid cells, benchmarked against four established samplers, and used to 

produce posterior predictive tornado probability maps [7]. 
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Material and Methods 

Material 
This research was carried out at the Mombasa Graduate 

School of Probability Studies, Mombasa, Coast, Kenya, from 

February 2021 to November 2022. Tornado reports were 

downloaded from the United States Storm Prediction Center 

online archive for the period January 2000 to December 2022. 

Each report was geocoded to a 0.5° × 0.5° grid covering the 

states of Kansas, Oklahoma, Nebraska, and northern Texas, 

yielding 1396 grid cells and 276 monthly time steps. 

Atmospheric covariates convective available potential energy 

(CAPE, J/kg), 0-6 km bulk wind shear (m/s), and 850 hPa 

specific humidity (g/kg) were extracted from the ERA5 

reanalysis at matching spatial and temporal resolution [8]. 

Binary occurrence indicators (tornado/no-tornado) were 

computed for each cell-month pair. The dataset contained 34 

218 tornado-positive cell-months out of a possible 385 296 

(8.9% prevalence). 

 

Methods 

A Bayesian logistic regression model was specified: logit(πᵢₜ) 

= α + β₁ CAPEᵢₜ + β₂ Shearᵢₜ + β₃ Moistureᵢₜ + β₁₂ CAPEᵢₜ × 

Shearᵢₜ, where πᵢₜ is the probability of at least one tornado at 

grid cell i in month t. Priors were weakly informative: α ~ 

N(0, 5²), βⱼ ~ N(0, 2.5²). The proposed adaptive sampler used 

leapfrog integration with an automatically tuned step size ε 

and number of steps L, combined with a parallel tempering 

scheme running four temperature chains (T = 1.0, 1.5, 2.5, 

5.0) with swap proposals every 50 iterations. Chains were run 

for 100 000 iterations after a 20 000-iteration warm-up, 

thinned to every 10th sample. Convergence was assessed by 

the Gelman-Rubin R̂ statistic and effective sample size (ESS) 
[9]. 

 

Implementation Details 
All samplers were coded in Python 3.10 using JAX 0.4.8 for 

automatic differentiation and just-in-time compilation. The 

leapfrog integrator was implemented as a JAX-traced function 

to exploit GPU acceleration on an NVIDIA A100 card. 

Temperature swaps were performed on the CPU to avoid 

device-synchronisation overhead. The NUTS baseline used 

the NumPyro 0.12 implementation with default settings. 

Gibbs and random-walk MH samplers were implemented 

from scratch to ensure a fair comparison of per-iteration cost. 

All five samplers were given identical priors, initial values, 

and random seeds [10]. 

 

Results 

Table 1 reports sampler efficiency metrics averaged over five 

independent runs. 

 
Table 1: MCMC sampler efficiency comparison (median over 5 runs) 

 

Sampler ESS/sec R̂ (max) Time (min) Accept Rate Multimodal Recovery 

Gibbs 94 1.08 187 1.00 Poor 

MH Random Walk 41 1.14 203 0.27 Poor 

HMC 218 1.02 62 0.81 Moderate 

NUTS 312 1.01 48 0.87 Moderate 

Proposed Adaptive 847 1.00 31 0.92 Good 

 

The proposed sampler outperformed all alternatives in ESS per second and achieved the lowest R̂ values, indicating rapid 

convergence. 

 

 
 

Fig 1: MCMC sampler efficiency: effective sample size per second 

 
Table 2: Posterior summary for tornado occurrence model coefficients 

 

Parameter Mean SD 2.5% 97.5% ESS 

Intercept (α) -2.31 0.18 -2.67 -1.96 8420 

CAPE (β₁) 1.73 0.27 1.21 2.28 7830 

Wind Shear (β₂) 0.91 0.19 0.54 1.31 8140 

Moisture (β₃) 0.58 0.14 0.31 0.86 8670 

CAPE × Shear (β₁₂) 0.34 0.11 0.13 0.56 7940 
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Fig 2: Posterior distributions for tornado occurrence model parameters 

 

Comprehensive Interpretation 
CAPE emerged as the strongest predictor (posterior mean 

1.73), followed by wind shear (0.91) and moisture (0.58). The 

positive interaction term (0.34) confirms that environments 

with simultaneously high CAPE and strong shear are 

disproportionately conducive to tornado formation. The AUC 

of 0.84 for posterior predictive maps indicates good 

discrimination between tornado-prone and tornado-sparse grid 

cells. 

 

Discussion 

The efficiency gain of the proposed sampler stems from two 

sources: the gradient-based leapfrog integration covers more 

posterior mass per iteration than random-walk proposals, and 

the tempered transitions allow the chain to traverse 

probability valleys that trap standard HMC [6]. The roughly 

2.7-fold speedup over NUTS is consistent with results 

reported for tempered HMC variants on mixture-model 

benchmarks [5]. 

From a meteorological perspective, the posterior coefficient 

estimates align with physical expectations. CAPE measures 

the buoyant energy available for convective updrafts, while 

wind shear tilts the updraft to sustain rotating supercell 

thunderstorms hthe storm type most likely to produce 

tornadoes [2]. The moisture flux coefficient captures the role 

of low-level moisture convergence in initiating convection. 

That the interaction term is positive and significant reinforces 

the long-standing observation that high CAPE alone is 

insufficient; strong shear must accompany it for tornado 

genesis [3]. 

A limitation of the logistic model is its inability to distinguish 

tornado intensity classes; an ordinal or count model would 

better represent the EF-scale distribution. The 0.5° spatial 

resolution also smooths out mesoscale heterogeneity that 

influences tornado tracks. Finer grids and richer covariate sets 

including terrain roughness and proximity to drylines could 

improve predictive accuracy [11]. 

 

Conclusion 

This research presented an adaptive MCMC sampler that 

combines Hamiltonian dynamics with parallel tempering and 

demonstrated its efficiency on a Bayesian logistic model for 

Great Plains tornado occurrence. The sampler achieved an 

effective sample size per second roughly 2.7 times that of 

NUTS and nine times that of Gibbs sampling, while 

producing equivalent posterior inferences. CAPE and wind 

shear were identified as the dominant predictors, with a 

positive interaction confirming the joint importance of 

thermodynamic and kinematic ingredients. Future work 

should extend the framework to ordinal models for tornado 

intensity and to finer spatial grids that resolve mesoscale 

features. 
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