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ADVANCED BAYESIAN INFERENCE TECHNIQUES FOR HANDLING
UNCERTAINTY IN HIGH-DIMENSIONAL STATISTICAL MODELS
WITH APPLICATION TO ENVIRONMENTAL DATA

Shaymaa Riyadh Thanoon'*

Abstract: Environmental data management techniques for high-dimensional
environmental data that contains multiple data sources and measurement
inaccuracies. The research develops a hierarchical Bayesian framework to solve
this problem by combining prior knowledge with observed data for creating
reliable probabilistic predictions. The researchers used Gibbs and Hamiltonian
sampling from Advanced Markov Chain Monte Carlo methods to determine
posterior distributions and they evaluated model fit and predictive accuracy using
the Deviance Information Criterion (DIC). The framework showed effective results
in tracking air quality and climate indicators by revealing how temperature and
wind speed affect pollution levels in different areas at various times. The Bayesian
inference method proved superior to traditional frequentist methods because it
delivered enhanced uncertainty assessment and superior prediction results. The
research demonstrates how Bayesian methods can be applied to air quality
monitoring and climate risk assessment and resource management which enables
evidence-based sustainable environmental planning. The framework allows
scientists to develop Bayesian models at scale for environmental science while
establishing methods to study complex multidimensional data sets.

Introduction

The current environmental data analysis applications of Bayesian methods show
promise yet their deployment remains restricted to specific fields of study.
Research has concentrated on particular variables together with specific locations
which creates an opportunity to establish complete frameworks that unite multiple
environmental data sources.

The restricted use of this method makes Bayesian inference unable to handle
complex problems that need data integration from multiple sources and large
environmental monitoring areas. Martinez Torres et al. [11] illustrated the use for
Bayesian models for identifying air pollution events within Dublin, while
underscoring the necessity for generalizable methodologies suitable for diverse
datasets, and locales [3]

The uncertainty estimates from conventional frequentist methods prove invalid
especially for parameters exceeding available data points in high-dimensional
settings [9] Bayesian approaches along with Markov Chain Monte Carlo (MCMC)
computational techniques offer calculable solutions to such challenges by
performing effective sampling of complex posterior distributions.
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The fundamental requirement of complex statistical models exists in
environmental research because scientists need to study extensive database
collections which obtain environmental data from multiple sources. Modern
environmental datasets containing multiple dimensions present analysis
challenges to traditional frequentist methods because these methods produce
unreliable results that cannot be duplicated. The datasets become more complex in
practice because of measurement inaccuracies and missing data points and natural
fluctuations which enhance the chances of obtaining wrong estimates that lead to
poor decisions in air quality monitoring and climate modeling and water resource
management [16] Theodoridis [14] explains Bayesian inference has become a
strong method because it uses prior knowledge to enhance estimation precision
when dealing with limited or unclear data. The new paradigm enables better
probabilistic modeling and air quality assessment through hierarchical Bayesian
models which Hrafnkelsson [7] demonstrated in his environmental science
research. Bayesian methods produce probabilistic results through the combination
of prior knowledge with observed data which directly handles the uncertainties
found in intricate environmental systems.

The Bayesian hierarchical model succeeds in analyzing environmental data
structures of multiple dimensions by incorporating relationships between time
and space. A hierarchical method arranges its organizational structure through
three levels:

yij ~ Normal(y;;, 02), (D
where:
o y;j The observed environmental data (air quality index) appear as Yi,j at
location i at time j.
o p;; termed to the mean parameter incorporating spatial, and temporal
effects,
o o? captures residual variance.

Priors turn out to the be allocated according to the established knowledge or
empirical evidence to the improve the model's adaptability. for example:

pij ~ Normal( By + Prx;j,72) 2

where x;; represents the covariates such as the temperature or pollutant
concentration, and also S, 8, termed to the regression coefficients.

The Bayesian framework which utilizes Markov Chain Monte Carlo (MCMC)
methods, and including the Gibbs sampling, and also Hamiltonian Monte Carlo, to
the determine the posterior distribution.

p(@1y) xply16)p) (3)

where 8 represents the parameters (u, o2, 8 ). MCMC facilitates efficient sampling
which is coming from the posterior, even, within the high-dimensional parameter
spaces, which enabling the model to the handle complex datasets.

Model performance is evaluated by using metrics as Deviance Information
Criterion (DIC), and also the predictive accuracy on the holdout dataset. These
evaluations ensure, that the proposed framework provides robust, and also
generalizable insights.

Hypothesis testing becomes achievable through credible intervals extracted from
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posterior distribution. The significance of covariate xi, j emerges when its 95%
credible interval fails to contain zero. Statistical rigor makes Bayesian methods
highly useful for environmental datasets since it provides dependable findings.

Applications, and Relevant Mathematical Models
Air Quality Monitoring

Bayesian approaches have been widely utilized to the assess, and forecast air
quality indicators (AQI). Wu et al. [18] formulated a Bayesian optimization model
to the calibrate machine learning systems, for predicting pollution concentrations.
The Bayesian optimization approach which employs a Gaussian approach (GP) as
a surrogate model to identify the hyperparameter configurations, that minimize
the error function.

f(x) ~ GP(m(x),k(x,x)) (4

where:

. x represents hyperparameters,

o m(x) termed to the mean function for the GP,
. k(x,x") termed to the covariance function.

The acquisition function, such like Expected Improvement (EI), guides the
optimization:

ag (x) = E[max(0,f(x) - f(xD))] (&)

where f(x")is the current best value.

The use of non-traditional grid search procedures resulted in an increase of fifteen
percent in the accuracy of AQI prediction, as stated by Wu et al. [18] This
improvement was obtained by using grid search methods.

Challenges
" Researchers need to develop a single computational system that combines
various pollution substances including CO2 and PM10.
" Measuring EI demands significant costs for computing power since it

requires an in-depth evaluation of extensive datasets.

A system optimization of input data enhanced pollution monitoring predictions by
delivering accurate model parameters and showing pollutant data uncertainty
patterns through time-based Climate Modeling

Wei, and Wang [17] presented a stochastic Bayesian stratigraphic model, for the
analysis of the climate variability. The model incorporates observed climatic data,
which including the temperature Tt, and also latent stochastic processes:

Ty = Bo+ B1Z:+ € 6)

where:
o Z, ~ N (0,02) represents latent climate trends,
o € ~ NV(0,02) captures measurement noise.
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Priors turn out to the be assigned to the the parameters:
Bo, B1 ~ N(0,72), 62,02 ~ Inverse — Gamma(a,b) (7)
yielding a posterior distribution:

p(B,0* 1 T) xp(T | B,c*)p(Bp(c®) (8)

The authors of Wei, and Wang [17] used this model for quantifying regional
climate variability alongside a study of significant temperature alterations over
many decades.

Pollution Risk Assessment
Band et al. [2] employed Bayesian logistic regression to the evaluate spatial

vulnerability to the pipe erosion utilizing satellite images. The logistic regression
model is articulated as:

.
log ({25) = Bo + Bixs + -+ B (9
L
where:
. p; is the probability for piping erosion at i,
) X1, -, X) turn out to the be covariates such like soil type, and precipitation.

The research by Band et al. [2] produced spatial risk maps with dependable
accuracy by decreasing error levels through 10% compared to traditional Decision
Trees.and geographical methods.

Challenges

Bayesian methodology has specific math models and calculation methods
developed for each respective field of ecological assessment. The table provides
brief summaries of these applications by showing mathematical expressions in
addition to main problems and detailed references [3, 7, 13].

Table 1: Bayesian Applications, and Challenges

Application Model/Equation Key Challenges Example Study
Air Quality Gaussian Process (GP): High computational W et al. [18]
Monitoring f(x) ~ GP(m(x), k(x,x")) cost for EL '
Climate _ Missing data, large Wei, and Wang
Modeling Te=FotPZite latent spaces. [17]
Pollution Logilstlc Regression: Heterogeneous data,
Risk log (T) = PBo + Byxg + - priors for sparse Band et al. [2]
Assessment Pi data.

+ Brxk

Table 1 shows Bayesian modeling technology functions as an adaptable tool which
brings resilience to different fields of environmental study. The resolution of
computational and heterogeneity problems requires innovative frameworks
although complete analysis occurs in later sections.
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Challenges within Bayesian Environmental Modeling
Scalability and High Dimensionality

Computation of Bayesian models become difficult when datasets increase in both
size and complexity. The hierarchical models with thousands of spatial and
temporal nodes need the NUTS sampler because of its efficient sampling
algorithm [7,10].

Subjectivity within Preselection

The selection of reasonable priors which reduce bias is vital because weakly
informative priors such as (0,102) help achieve interpretability along with
robustness [13].

Comparison between Bayesian, and Frequentist Methods

The implementation of Bayesian and frequentist methods in environmental data
analysis offers specific distinct advantages together with well-defined limitations.
The Bayesian method calculates uncertainty better because all parameter posterior
distributions can be expressed through mathematical expressions. The uncertainty
evaluation performed by frequentist methods proves superior to uncertainty
calculations in Bayesian logistic regression models according to Band et al. [2].
Data having many dimensions creates challenges for the Bayesian calculations
which require either Markov Chain Monte Carlo (MCMC) or Hamiltonian Monte
Carlo (HMC). The optimization methods paired with Maximum Likelihood
Estimation ensure a low computational difficulty for frequentist approaches.
These statistical methods can incorrectly portray measured uncertainties present
in environmental datasets according to Wu et al. [18].

Table 2 presents a comparison of essential differences between Bayesian
approaches and frequentist methods which discusses benefits and limitations
when used in environmental modeling.

Table 2: Key Differences Between Bayesian, and Frequentist Methods

Aspect Bayesian Methods Frequentist Methods
Uncertainty Explicit posterior distributions of Confidence intervals only partially
Estimation the parameters. capture uncertainty.

Model Handles hierarchical, and also Limited to specific experimental

Flexibility multi-source data seamlessly. designs.
Computational Requires advanced algorithms like ~ Computationally simpler however, less
Feasibility MCMC, and HMC. effective within high dimensions.

Integration for Allows inclusion for expert

Priors knowledge. Relies solely upon observed data.

Hierarchical Bayesian Models

provide a structured means of analyzing environmental data by explicitly modeling
relationships across multiple levels. For instance, climate variables such as
temperature and precipitation exhibit spatial heterogeneity and seasonal
variability, which can be represented simultaneously within the hierarchical
structure. By accounting for these nested dependencies, HBMs offer a more
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reliable basis for predicting uncertainty and capturing the underlying dynamics of
environmental processes (Fronk & Holt, 2021).

Mathematical formulation: For an observed environmental variable yi,jy_{i,j}vi,j,
where iii denotes spatial location and jjj denotes time, the likelihood can be
expressed as:

Yij~ N(Hi,paz) (10)

where:

i Hij = Bo + Prxij +u + vy,

. u; ~ N (0,72) : spatial random effect,

. v~ N (0,72) : temporal random effect.

The model parameters receive their prior distributions from existing empirical
data and established theoretical knowledge which maintains model
interpretability and robustness

Bo, b1 ~ N(0,72), 0%,1%,12 ~ Inverse-Gamma (a,b) (11).
Metropolis-Hastings Algorithm:

The MH algorithm samples coming from the posterior p(6 | y) using a proposal
distribution q(6* | 8®). for each iteration:

pt+D) — {9* within the event, , thatu < « (12)
00  otherwise
where:
— in (1 _PO107p(6)
[ ] a = mln(l,p(yle(t))p(e(t)))7
° u ~ Uniform(0,1).

Hamiltonian Monte Carlo (HMC)
The Hamiltonian Monte Carlo (HMC) method uses gradient information to
optimize the exploration of high-dimensional parameter space and to reduce the

random-walk behavior that occurs in basic sampling methods.

H(6,7) = U(6) + K(r) (13)

where:
o U(8) = —log p(@ | y) : potential energy,
D K(r) = %rTM‘lr : kinetic energy.

Practical Example

The method shows its operational value by processing artificial data which serves
as environmental observation information for testing purposes. The research data
contained measurements of particulate matter (PM10) and temperature and wind
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speed data which spanned various locations and time intervals. The simulated
environment enables researchers to study Bayesian model applications for
environmental data analysis and MCMC-based tools that track spatial and
temporal patterns.

Hypothetical Dataset

To illustrate the proposed framework, a synthetic dataset was designed, organized
according to the following structure:

Table 3: Hypothetical Dataset

Location Month PM10(ug/m%) Temperature (°C) Wind Speed (m/s)
Urban 1 55 22 4.8
Suburban 2 48 20 52
Rural 3 43 18 6.0

In total, the model draws on 100 observations obtained through monthly
measurements distributed across three geographical contexts—urban, suburban,
and rural—thereby capturing variation associated with differing environmental
conditions.

Defining the Model
Hierarchical Bayesian Model

The goal is to the model PM ,, levels (y;; ) using a combination for predictors:
. Predictors: Temperature ( x,;; ), and Wind Speed ( x5 ; ).
. Random Effects: Location (u;), and Month (v,-).

To capture both spatial and temporal variability, the hierarchical model is defined
in the following mathematical form:

yij ~ Ny, 0?) (14)

where:

Uij = Bo + Bixyij + Baxoij +ui+ v (15)

Priors:

. Regression coefficients: g, ~ N (0,102),

o Random effects: u; ~ N (0,72),v; ~ NV(0,75),
. Variance: 02, 12,72 ~ Inverse-Gamma (1,1).

Applying MCMC for Posterior Inference

1. To approximate the posterior distribution of the parameters, we implement
the Metropolis—Hastings algorithm, which iteratively generates candidate
values and accepts them according to a specified probability rule.

2. Posterior Distribution:
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p(61y) xp(y10)p(0) (16)

where:
° p(y | 0) is the likelihood,
. p(6)represents the prior.
Steps within Metropolis-Hastings:
) Propose a new value 6* using a proposal distribution q(6* | 8®).
) Accept or reject 8* based upon the acceptance probability:

— i p(¥16")p(6”)
a=min (150 G) 17

Execution upon Artificial Data
Summary for Dataset

To illustrate the proposed framework, a synthetic dataset of 100 observations was
generated according to the parameter specifications outlined below:PM 10: Mean
= 50, Standard Deviation = 10.

. Temperature: Mean = 20°C, Standard Deviation = 5°C.

o Wind Speed: Mean = 5 m/s: Standard Deviation = 1.5 m/s.

The model parameters (fo, f1, f2) turn out to the be initialized like follows:

o Bo=50,P1=-2,PB2=-1

o Bo = 50, 1 = -2, B2 = -1 (indicating, that increased temperature
diminishes PM10, however, elevated wind speed disperses PM10).

Posterior Sampling Results:

To ensure stable posterior estimates, the sampling procedure was run for 10,000
iterations, yielding reliable approximations of the parameter distributions.f, =
495,8, = —1.8,5, = —0.9,

. Credible Intervals (95%):
. By € [-2.2,—14],
. B, € [-1.3,—0.5].
Model Validation

Predictive Performance Metrics

Mean Squared Prediction Error (MSPE)

MSPE = -Y¥_ (=902 =92 (18)

These findings indicate that the model not only fits the data well but also yields
predictions with minimal error, thereby supporting its reliability for
environmental applications.
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Deviance Information Criterion (DIC)

DIC = D(6) + 2pp (19)
where:
o D(6) = —2log p(y | 6) represents the deviance for the posterior mean,
o pp = Effective number for parameters.

Results and Interpretation
Principal Discoveries

The study reveals that temperature (1) produces a negative relationship with
PM10 concentrations because warmer weather leads to decreased particulate
matter accumulation. Wind speed operates as a natural dispersal system which
improves air quality through better atmospheric mixing.

Statistical Significance

The 95% credible intervals that exclude zero for f1 and P2 demonstrate strong
statistical significance because they show temperature and wind speed have direct
measurable impacts on PM10 levels according to Bayesian analysis.

Quantification for Uncertainty

The strength of posterior distribution elements produces reliable indicators for
uncertainty which helps improve forecasting dependability.

Traditional approaches for posterior distribution calculations were done using
MCMC runs. The main parameters of the study receive statistical analysis through
Table 1 which demonstrates their significance and their influence on PM10 levels
along with their posterior mean values alongside 95% credible ranges.

Table 4: Summary for Parameter Estimates

Parameter Posterior Mean 95% Credible Interval
BO 495 [48.0,51.0]
B1 -1.8 [-2.2,-1.4]
B2 -0.9 [-1.3,-0.5]

Table 1 demonstrates how a rise in temperature leads to substantial PM1o
reduction based on the values of the posterior mean for g1 and the 95% credible
interval shows no zero overlap. The negative f2 parameter value indicates the
scatter effect wind speed has on contaminant levels.

Experimental Setup and Results

The proposed Bayesian framework will be applied to analyze the synthetic
environmental dataset through specific steps for data preparation and model
execution along with an interpretation of acquired results. A programmed method
for producing and extending outcomes through illustrated Python code guides the
system.
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Data DescriptionDataset Details

The synthetic dataset includes:

o Variables:

D PM,, concentration (ug/m?),

. Temperature ( °C),

o Wind speed (m/s).

o Observations: 100 data points coming from three locations (Urban,

Suburban, Rural) atop 12 months.

Data Preparation:

Splitting the Data
" The model training required 80 data points which made up 80% of the
total data available.
= The model validation will occur with 20% (20 data points) dedicated to

testing set samples.
Steps for Preprocessing

o Standardizing variables to a mean for zero, and a variance for one to the
enhance convergence within MCMC.

Employing Bayesian imputation to the address missing values, wherein these
values turn out to the be regarded like supplementary latent variables

Model Implementation
Framework Overview
The hierarchical Bayesian model used to the be executed using PyMC3 within

Python, utilizing its capacity to the effectively specify priors, likelihoods, and
posterior distributions.

Model Specification

For PM;, concentrations y; ; :

Vij~ N(Mi,j'az) 20)

where:

Uij = Po+ BrXqij+ Baxoij +ui+v;  (21)

and:

o u; ~ NM(0,72) : location random effect,
. v~ N (0,72) : temporal random effect,
. 02,1%,72 ~ Inverse-Gamma
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Python Code for Implementation

Testing the proposed Bayesian framework involved using Python programming
language with PyMC3 and ArviZ libraries for Bayesian statistical operations and
model diagnosis. The ability to formulate hierarchical Bayesian models with
efficient posterior sampling through sophisticated Markov Chain Monte Carlo
methods came from PyMC3. The ArviZ library functioned previously in posterior
diagnostics testing and it also processed parameter estimates. The model used to
the be designed to the forecast PM10 levels (yi,) based upon temperature, wind
speed, and both location-specific, and temporal random variables. The model's
hierarchical structure used to the be articulated as:

Yij ~ N(ﬂi,j; 02), Hij = Bo + B1X1,ij + P2Xzj + u; + v 22)

Two random effects variables appear in the model's statistical expressions to
capture the sampled effects from location using ui and month using vj. The
selected model applied weakly informative distributions to its parameters to
produce stable parameter estimates and defend against overfitting. Variable
normalization as part of pre-treatment data processing set up the model for better
convergence through its implementation steps and Bayesian imputation addressed
all missing data points. The estimation method used MCMC sampling across 2000
cycles to reach an adequate level of exploration for the posterior distribution.
PyMC3 sampling capabilities together with Matplotlib and Seaborn libraries
allowed the generation of trace and posterior density plots along with diagnostic
results for residuals.

Diagnostic plots were created to the evaluate model

performance.
1. The evaluation of MCMC convergence used trace plots to show the
parameter values that were sampled at each iteration.
2, The Posterior density plots displayed parameter uncertainty by showing
the estimated value distributions of each parameter.
3. The analysis of residuals through plots served to check model assumptions

and to evaluate the accuracy of the predictive results.
The diagnostic tools provided a full assessment of model adequacy and predictive

reliability which confirmed the Bayesian framework as a suitable method for
analyzing large environmental datasets.

Evaluation Metrics
To evaluate predictive performance, the study employed two complementary

measures. The first was the Mean Squared Prediction Error (MSPE), an index that
reflects how closely the model’s forecasts align with observed values.:

MSPE = -, 7 — $1)%, (23)

The actual value yk is measured alongside the predicted average value yx in the
regression analysis.
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Deviance Information Criterion (DIC):

DIC = D(0) + 2py (24)

where p,, represents the effective number for parameters.
Results Analysis

Trace charts for the parameters (Bo, f1, B2) illustrate the convergence for the
Markov Chain Monte Carlo (MCMC) sampling. Figure 1 illustrates, that the chains
for all parameters demonstrate stochastic oscillations around a stable mean,

signifying adequate convergence, and thorough investigation for the posterior
distributions.
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Table 5: Model Performance
Metric Value
MSPE 8.5
DIC 505.2
Posterior Convergence Converged
Table 6: Posterior Estimates
Parameter Posterior Mean 95% Credible Interval
B0 495 [48.0,51.0]
B1 -1.8 [-2.2,-1.4]
B2 -0.9 [-1.3,-0.5]

The posterior density charts in Figure 2 display the parameter estimation
uncertainty through (Bo, 1, f2). The probability distributions for 8 1 and g 2 show

adverse influences on PM 10 levels ecause credible ranges do not include zero thus
proving statistical significance.
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Figure 2: Posterior Density Plots
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The residual plot within Figure 3 depicts the discrepancies between observed, and
anticipated PM10 values. The residuals turn out to the be randomly distributed
around the horizontal zero line, signifying, that the model effectively represents
the underlying patterns without systematic bias.
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Figure 3: Residual Plot

Real PM10 readings show correlation with the PM10 readings that residents
anticipate in Figure 4. The scatter points demonstrate a close alignment with the
diagonal line y=x which indicates that the model shows accurate prediction
results. The small measurement differences show possible areas for developing the
model.

The evaluation of the Bayesian hierarchical model relied on multiple diagnostics
and visualizations for its assessment. The MCMC chains showed sufficient
convergence according to their trace plots in Figure 1 which validated the accuracy
of posterior values. The uncertainty associated with the parameter measurements
appears in Fig. 2 through posterior density plots which confirms how temperature
and wind speed impact PM10. The residual plot revealed that the model tracked
actual data effectively as it displayed random distribution of residuals throughout
zero (Figure 3). Similar to its predictive accuracy results in Figure 4 the model
produced successful predictions that matched actual values consistently (Figure
4).
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Comparative Analysis

A comparison process was established between Bayesian statistics and traditional
frequentist models that perform linear regression. Principal observations:

1. The Bayesian models produced predictions that came with more accurate
uncertainty boundaries.
2, Random factors included in the model improved spatial and temporal

forecast precision.
Discussion

The proposed Bayesian framework proved beneficial for analyzing high-
dimensional environmental data according to the analysis results. The
combination of hierarchical modeling with Markov Chain Monte Carlo sampling
produced superior results than traditional frequentist methods because it
produced more accurate results and enhanced uncertainty evaluation. Standard
assessment methods failed to detect specific time-space relationships between
PM10 concentrations and temperature and wind speed data according to the
analysis. The results showed that PMio levels were significantly affected by
temperature and wind speed since zero was excluded from their credible intervals.
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The results demonstrate Bayesian inference successfully detects essential
environmental connections because it achieves high statistical accuracy when
analyzing intricate multi-variable systems. None of the posterior estimates lost
reliability as MCMC chains displayed proper convergence based on trace plotting
analysis [4,12, 15].

A study demonstrates the framework acts directly as a development tool for
environmental policy creation. Air quality monitoring technologies allow political
authorities to generate targeted pollution reduction strategies by offering precise
predictions of pollution levels. The technique works with both energy management
structures as well as water distribution networks that are affected by unanticipated
events [5, 6] Current research shows that system chaos management has taken an
improvement through the integration of Bayesian inference with machine learning
techniques [5,8].

Although the system offers various advantages it contains numerous unfavorable
elements. High computational requirements of MCMC algorithms pose a main
challenge because they can become challenging to manage as dataset sizes grow
larger. Sophisticated sampling techniques including the Langevin algorithm
become necessary for operating on posterior distributions which have elevated
dimensionality to guarantee efficient convergence [1]. Experts view the creation of
appropriate prior distributions as a challenging task particularly when little or
inconsistent expert information is available. The interpretation of modeling results
and bias introduction depends on proper definition of prior distributions since
domain expertise integration requires effective techniques within Bayesian
modeling [6].

Using the Bayesian framework produces strong modeling capabilities for
environmental analysis which leads to enhanced decisions in different fields. The
resolution of computational scalability needs attention in future studies to allow
wider deployment across various datasets with improved prior elicitation
methodologies.

Limitations of the study

Identifying limitations helps in understanding the scope of the study and the

challenges that researchers may face. The interpretation of results requires

understanding multiple factors which affect both data precision and conclusion
reliability.

1. The precision of Bayesian estimates faces limitations when environmental
datasets have incomplete coverage because they include small sample
sizes and imprecise measurement data.

2. The complexity of the model becomes a problem when working with high-
dimensional frameworks because it makes it difficult to model variable
interactions which reduces the model's explanatory power.

3. The reliability of Bayesian results depends on accurate distributional
assumptions because the methods require specific prior or likelihood
distribution assumptions which can lead to unreliable results when these
assumptions are incorrect.
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