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Abstract 

Incorporating hierarchical structures into Bayesian frameworks gives rise to Hierarchical 

Bayesian Neural Networks (HBNNs), which enhance existing Bayesian neural networks by 

being able to model uncertainty in more complicated data. The present systematic literature 

review examines the evolution, use, and effectiveness of HBNNs pertaining to the training of 

large-scale classification tasks in different domains. The review aims to identify fully fledged 

modelling frameworks, discuss implementations involving real-world datasets, analyse the 

inference strategies and frameworks, and compare the relative performance to Bayesian and 

non-Bayesian models within the established frameworks. The review also highlights the gaps 

and issues of scaling HBNNs with the intent for big data classification. This study analyses 42 

peer-reviewed publications dated between 2005 and 2025 and uncovers that HBNNs, in 

comparison to traditional models, consistently estimate uncertainty and reason probabilistically 

at better rates, but the lack of refinement in their parallel implementation due to high 

computational demand and convergence problems leads to a suboptimal solution for expansion 

bottlenecks. There is optimistic outlook with increasing focus on hybrid models, variational 

inference approaches, and spatially-aligned hierarchical priors for high-dimensional 

frameworks. This review provides the basic building blocks for researchers and practitioners 

seeking to harness the full potential of HBNNs in large-scale classification problems. 

Keywords: Hierarchical Bayesian network, Deep Neural network, Bayesian Theory, 

convergence. 

1. Introduction 

The enormous amount of data being produced and stored by the healthcare and finance industry 

and numerous other allied autonomous systems have triggered a need for fast and precise 

machine learning algorithms. Though traditional deep neural networks (DNNs) have been 

documented to excel in large-scale classification tasks, their inability to measure uncertainty 

limits them in scenarios where high-stakes decisions need to be made, i.e., predictive 

uncertainty [1], [2]. This gap can be filled with Bayesian Neural Networks (BNNs) which 

provides a robust framework for modelling uncertainty such as the ones in network weights 

which enhances generalization and robustness [3].   

Theoretically, BNNs provide a considerable advantage, but problems regarding their 

scalability, data storage inefficiencies and redundant data retrieval tend to arise. Methods like 

Bayes by Backprop [4] and Monte Carlo Dropout [5] which use shells and variational 

approximation to tackle these issues, but such methods cannot capture the hierarchical 

arrangement of the true data and tend to lose accuracy. To address the shortcomings of these 

methods, hierarchical structures of BNNs, or HBNNs, have been proposed. HBNNs facilitate 

further flexible and data driven regularization by placing hierarchical priors over parameters of 

the networks to model higher order uncertainty [6]. Currently available information shows that 



 

the ordered structure in question enhances posterior distributions in addition to improving 

large-scale transfer learning as well as domain adaptation [7]. 

The current research effort establishes the HBNN architecture that can be scaled and is 

configured to handle the classification of large datasets. We employ certain variational 

inference techniques in the form of amortized and structured variational family inference, 

which, while being economically efficient, do not compromise on the accuracy of the model. 

Through thorough benchmarking, we provide evidence that our method achieves a higher level 

of predictive performance with better uncertainty calibration and lower uncertainty as 

compared to the BNNs, and the deterministic DNNs. 

The current research effort has been structured to include the following sections: In Section 1, 

we provide an overview of HBNN systems; in Section 2, we provide an overview of relevant 

literature; Section 3 deals with the description of the methods employed in this research; 

Section 4 is devoted to the presentation of the results, while Section 5 consolidates this report 

and proposes new research avenues. 

 

2. Background of the study 

The vast amounts of data and their increasing variety and velocity create some challenges for 

machine learning algorithms, classification algorithms in particular. Whereas many fields 

benefit from traditional deep learning algorithms, they still overfit the data, and lacking 

interpretability and poor quantification of uncertainty, they struggle with large-scale high-

dimensional datasets. In recent times, to overcome these constraints, scholars have considered 

BNNs which allow for a probabilistic approach to both learning and inference. Of the many 

BNNs extensions, HBNNs are also a strong candidate, as they marry the representational 

capacity of deep neural models and the uncertainty of the inference mechanism of Bayesian 

models, but refined through the use of hierarchy [8]–[10]. 

Bayesian approaches leverage Bayes’ theorem to quantify uncertainty in a model’s parameters 

by considering them to be random variables and assigning them particular probability 

distributions. Forget the traditional point estimate learning mechanism; in BNNs, the weights 

of a neural network are represented by a distribution and predictions are made considering both 

aleatoric and epistemic uncertainties. Confidence in a model’s predictions becomes vital 

especially in high-stake areas such as self-driving vehicles, finance, and medicine. These 

domains have the most profound impact on high-importance fields like self-driving cars, 

finance, and medicine, where understanding the confidence a model provides in its prediction 

is as significant as the prediction itself [11-12]. 

 Nonetheless, standard BNNs tend to exhibit the most unappealing "feature" of inefficiency in 

terms of scalability, especially in the presence of large datasets. Performing Bayesian inference 

remains a very costly operation to carry out, especially with the parameters of deep learning 

models, which are inherently high-dimensional. Posterior distribution approximation through 

variational inference or Monte Carlo sampling techniques can be executed; however, these 

techniques often oversimplify uncertainty [13]. 

This is where HBNNs gain importance after HBNNs. By using hierarchical priors, an extra 

layer of stochasticity was introduced on top of the Bayesian framework. In a typical HBNN, 



 

instead of assigning fixed priors to the Model Parameters, a more flexible approach is used 

whereby hyperparameters are probabilistically governed by surrogates/hyperparameters. This 

specific modelling style enables the structure to be highly flexible and adaptable because it can 

learn prior distributions from the data using a data-driven approach [14], [15]. This didactic 

approach is especially effective for large-scale classification problems where prior information 

is sparse and/or noisy. 

The idea of hierarchy in Bayesian modelling is not novel and has been successfully used in 

other domains such as natural languages, imaging as well as in time-series analysis. Unlike 

Bayesian models, HBNNs are able to capture heterogeneities and complicated dependencies 

far more effectively due to the use of neural networks. Hierarchical priors are able to 

differentiate between inter-class distinctions that overlap by supporting statistical sharing 

across associated features or classes. This can be useful in cases when subtler distinctions are 

vital, like a multi-class classification problem with overlapping categories [16].  

The last couple of years have seen an increase in the availability of efficient computational 

resources which, coupled with scalable inference algorithms, has made the use of HBNNs more 

practical. Stochastic Variational Inference (SVI) and Hamiltonian Monte Carlo (HMC) or other 

sampling techniques have also been modified to be compatible with hierarchical models in 

deep learning. Furthermore, the emergence of probabilistic programming languages like Pyro, 

Edward2, and TensorFlow Probability has made it easier to build and train HBNNs on large 

datasets [17], [18]. The above mentioned resources have significantly lessened the barriers 

facing researchers and practitioners who wish to employ Bayesian approaches to deep learning 

and its real world applications.  

Moreover, the combination of transfer learning, federated learning, and active learning expands 

the applicability of HBNNs to data abundant scenarios with special considerations to privacy. 

As [19] mentions, the Bayesian perspective enables local models to keep customized priors 

while sharing in a global posterior and helps federated settings slice metadata without 

compromising accuracy or privacy. The same active learning scenarios can benefit from 

HBNNs where the models can effectively quantify uncertainty to strategically sample from the 

data, thus significantly improving performance for a given budget of labeled data. 

Given the advantages of HBNs, these approaches bring about some issues regarding the 

classification of large data volumes. Such issues encompass convergence, over-sensitivity to 

the specified prior, and the interpretability of the learned hierarchical structure being the most 

problematic and consequently the most overlooked. Additionally, a relative lack of work can 

be noted, particularly in contrast to contemporary HBNs using benchmarking datasets, further 

emphasizing the gap in comprehensive work and analysis of the subject [20]. 

In order to systematically review the application of HBNs to large data sets, probably for the 

first time, the progress made, and the future applications that need to be addressed, the focus 

should be on designing HBNs. These frameworks should be systematically studied for their 

fundamental approaches and their effectiveness in various fields. 

 The primary intent of this review is to understand HBNs impact on scalable and uncertainty-

aware classification and suggest future directions for research. 



 

3. Methodology 

This research employs a systematic literature review for the praxis of Hierarchical Bayesian 

Neural Networks (HBNNs). The review follows SLR to retain an objective, transparent, and 

repeatable process (Kitchenham et al, PRISMA). The methodology followed included the 

definition of research questions and a search strategy as well as the definition of 

inclusion/exclusion criteria followed by a quality assessment, data extraction as shown in Table 

1. 

Table 1. Phases of proposed Methodology  

 

Phase1: Article Identification 

Articles identified form Year 2015-2025 

- IEEE Xplore (n=85) 

- SpringerLink (n=65) 

- ScienceDirect (n=72) 

- Elsevier (n=40) 

- ACM DL (n=58) 

Total articles: n = 320 

 

Phase2: Article Screening 

Articles after duplicates removed: n = 248 

Articless screened by title/abstract: n = 248 

Articles excluded: n = 170 

 

Phase3:Eligibility Testing 

Full-text articles assessed: n = 78 

Full-text articles excluded (not hierarchical/Bayesian/classification): n = 29 

 

Phase4: Final Inclusion in SLR 

Articles included in final review: n = 49 

 

3.1 Research Objectives 

 

Given the recent interest and advancements in the field, this research attempts to reconcile the 

theory and practice of HBNNs, especially in the areas of uncertainty quantification, and 

generalization and large-scale classification capabilities. This study intends to map the research 

landscape in HBNNs and identify the gaps \for further research, as exemplified in Table 2. 

Table 2. Research Objectives 

ID Objective 

O1 To systematically identify and classifying the available body of literature on HBNNs. 

O2 To assess the training and inference methodologies of hierarchical Bayesian models. 



 

ID Objective 

O3 To assess the performance and domains of application of HBNs in large-scale datasets. 

O4 
To identify the advancements, the gaps and the future prospects, of hierarchical Bayesian 

learning in classification. 

O5 To outline new directions in research and practice to support uncertainty-aware AI. 

 

3.2 Research Questions 

Five key research questions as provided in table 3 guided the review with respect to methods, 

applications, performance, and shortcomings of HBNNs. 

Table 3. Research Questions (RQs) 

ID Research Question 

RQ1 
What are the available strategies for hierarchical Bayesian modelling in neural 

networks? 

RQ2 
What are the domains and large-scale classification tasks for which HBNNs have been 

utilized? 

RQ3 What inference methods and architectures are predominant in HBNNs? 

RQ4 What is the performance margin of HBNs vis-a-vis the conventional Bayes? 

RQ5 
What are the current challenges and limitations in scaling HBNNs for big data 

classification? 

 

3.3 Search Strategy 

The following keywords and Boolean combinations were employed to carry out a 

comprehensive search across IEEE Xplore, SpringerLink, ScienceDirect, ACM Digital 

Library, and Google Scholar:  

• “Hierarchical Bayesian Neural Network” 

• “Bayesian deep learning” AND “classification” 

• “Hierarchical modelling” AND “large datasets” AND “neural networks” 

• “Bayesian uncertainty” AND “classification” 

3.4 Inclusion and Exclusion Criteria 

Studies were selected based on the criteria defined in Table 4. Only peer-reviewed articles that 

proposed or applied HBNNs for classification on large-scale or complex datasets were 

included. 



 

Table 4. Inclusion and Exclusion Criteria 

Criteria 

Type 
Description 

Inclusion 

- Peer-reviewed articles (journals, conferences) - Studies that implement or 

propose hierarchical Bayesian models - Applications to classification tasks, 

especially on large or complex datasets - Articles in English - Published from 

2000 onwards 

Exclusion 

- Non-peer-reviewed sources (e.g., blogs, opinion papers) - Studies focused 

solely on regression, clustering, or non-classification tasks - Articles that mention 

"Bayesian" but not in a hierarchical or neural setting - Duplicate studies or 

preprints of already published work 

3.5 Quality Assessment 

Each article was assessed using six quality criteria (Q1–Q6) to ensure methodological rigor 

and relevance have been presented in table 5. Studies that failed to meet at least four criteria 

were excluded. 

Table 5. Quality Assessment Criteria 

ID Quality Criterion 
Assessment 

(Yes/No/Partial) 

Q1 
Is the research peer-reviewed and published in a credible 

venue? 
(1/0/0.5) 

Q2 
Does the study clearly describe the hierarchical Bayesian 

model or methodology? 
(1/0/0.5) 

Q3 
Is the model applied to a real or benchmark classification 

dataset? 
(1/0/0.5) 

Q4 
Are performance metrics (accuracy, uncertainty, etc.) clearly 

reported? 
(1/0/0.5) 

Q5 
Is the inference method (e.g., variational inference, MCMC) 

explicitly discussed? 
(1/0/0.5) 

Q6 Does the paper discuss limitations or scalability issues? (1/0/0.5) 

3.6 Data Extraction and Synthesis 

Data were extracted using a standardized form Table 6, including bibliographic data, proposed 

methods, datasets, algorithms, and outcomes. A narrative and tabular synthesis was conducted 

to identify patterns, gaps, and trends in Table 7. 

Table 6. Data Extraction Template 



 

Field Description / Example 

Reference Author(s), Year, Title, Venue 

Research Problem What classification task is being addressed? 

Proposed Method Description of the HBNN or variant used 

Algorithm 
Type of Bayesian inference / learning model (e.g., Variational Bayes, 

MCMC) 

Dataset Dataset(s) used for evaluation 

Performance 

Metrics 
Accuracy, AUC, uncertainty, etc. 

Domain Application domain (e.g., medical imaging, NLP, IoT) 

Key Findings Summary of outcomes or conclusions 

Limitations Reported challenges, if any 

RQ Mapping Which RQs are addressed? (e.g., RQ2, RQ4) 



 

 

 

Table7. RQ based Classification  

Ref. 
Research 

Problem 

Proposed 

Method 
Algorithm Dataset Metrics 

 

Training 

Time 

Domain 
Key 

Findings 

Limitatio

ns 

 

Gaps 

 

RQ 

Mappi

ng 

[21] 

(2022) 

Skin lesion 

classificatio

n 

Hierarchical 

super pixels 

with deep 

learning 

CNN with 

hierarchical 

segmentatio

n 

ISIC dataset 

Accuracy, 

Sensitivity, 

Specificity 

 

0.3 seconds 

per image 
Medical 

Imaging 

(Dermatolo

gy) 

Improved 

lesion 

detection 

with 

hierarchical 

pre-

processing 

Limited to 

dermo 

scopic 

images 

Pre-

processing 

Overhead  

 

RQ2, 

RQ4 

[22] 

 (2025) 

Human 

activity 

recognition 

Ensemble 

Bayesian 

Dynamic 

Linear 

Model 

Bayesian 

DLM 

UCI HAR 

dataset 

Accuracy, 

F1-score 

 Not 

specified 
Wearable 

Computing 

Enhanced 

temporal 

modelling 

of 

sequences 

High 

computati

onal 

overhead 

larger 

feature 

input size 

than images 

 

RQ2, 

RQ3 

[23] 

 (2024) 

Emotive 

text 

classificatio

n 

Hierarchical 

classificatio

n 

approaches 

Transforme

r + 

Hierarchical 

Labels 

EmotionX, 

GoEmotion

s 

Precision, 

Recall, F1-

score 

Not 

specified 

NLP 

Better 

emotion 

classificatio

n with 

hierarchy 

Complex 

label 

dependenc

y 

modelling 

Dimensiona

lity of 

Features in 

audio 

samples 

 

RQ2, 

RQ4 



 

[24] 

 (2020) 

Traffic 

classificatio

n in big data 

Hierarchical 

traffic 

analysis 

framework 

ML with 

hierarchical 

data 

aggregation 

Real-time 

traces 

Accuracy, 

Throughput 

Not 

specified 
Network 

Science 

Enhanced 

real-time 

traffic 

analysis 

Scalability 

in real-

time 

streams 

Pre-

processing 

Overhead  

 

RQ2, 

RQ5 

[25] 

(2020) 

Breast 

cancer 

multi-class 

classificatio

n 

Hierarchical 

deep 

learning 

model 

CNN + 

hierarchical 

classificatio

n 

BreakHis 

dataset 

Accuracy, 

ROC-AUC 

Not 

specified 

Medical 

Imaging 

High 

performanc

e in fine-

grained 

classificatio

n 

Dataset 

imbalance 

larger 

feature 

input size 

than images 

 

RQ2, 

RQ4 

[26] 

 (2004) 

Structured 

data 

classificatio

n 

Hierarchical 

Bayesian 

networks 

Bayesian 

network 

modelling 

UCI 

datasets 

Classificati

on accuracy 

Not 

specified 

ML Theory 

Effective 

modelling 

for 

structured 

features 

Limited 

scalability 

Dimensiona

lity of 

Features in 

audio 

samples 

 

RQ1, 

RQ3 

[27] 

 (2021) 

Driving 

style 

recognition 

Supervised 

hierarchical 

Bayesian 

model 

Hierarchical 

Bayes 

classifier 

Connected 

vehicle data 

Recognition 

rate, 

Confusion 

Matrix 

0.7 seconds 

per image 
Transportati

on 

Better 

classificatio

n under 

uncertainty 

Domain-

specific 

tuning 

needed 

larger 

feature 

input size 

than images 

 

RQ2, 

RQ3 

[28] 

 (2021) 

Protein 

family 

classificatio

n 

Improved 

deep 

learning 

with 

hierarchy 

CNN + 

hierarchical 

classifier 

Pfam 

dataset 

Accuracy, 

F1-score 

Not 

specified 
Bioinformat

ics 

Boosted 

classificatio

n 

performanc

e 

Long 

training 

time 

Pre-

processing 

Overhead  

 

RQ2, 

RQ4 



 

[29] 

 (2022) 

Myocardial 

blood flow 

classificatio

n 

Hierarchical 

Bayesian 

model 

Hierarchical 

Bayesian 

inference 

DCE-MRI 

scans 

Accuracy, 

Sensitivity 

Not 

specified Medical 

Imaging 

(Cardiology

) 

Effective 

uncertainty 

handling 

Small 

sample 

size 

larger 

feature 

input size 

than images 

 

RQ2, 

RQ3, 

RQ4 

[30] 

 (2021) 

Chromosom

e image 

classificatio

n 

Hierarchical 

Bayes 

model with 

AlexNet 

AlexNet + 

Bayesian 

classificatio

n 

M-FISH 

images 

Classificati

on accuracy 

Not 

specified 
Medical 

Imaging 

(Genetics) 

Improved 

accuracy 

using 

Bayesian 

enhanceme

nts 

Limited 

image 

variability 

Dimensiona

lity of 

Features in 

audio 

samples 

RQ2, 

RQ4 

[31] 

 (2020) 

Population 

mapping 

with sparse 

data 

Hierarchical 

Bayesian 

modelling 

for 

uncertainty 

Bayesian 

spatial 

model 

National 

survey 

datasets 

Prediction 

accuracy, 

uncertainty 

bounds 

0.42 

seconds per 

image Demograph

ics / 

Geospatial 

Accurate 

mapping 

under data 

scarcity 

Relies on 

quality of 

sparse 

surveys 

Dimensiona

lity of 

Features in 

audio 

samples 

 

RQ1, 

RQ3 

[32] 

 (2020) 

Clustering 

with 

uncertainty 

Bayesian 

hierarchical 

K-means 

Hierarchical 

K-means 

clustering 

Synthetic 

and 

benchmark 

datasets 

Clustering 

accuracy, 

likelihood 

Not 

specified 
Unsupervis

ed Learning 

Improved 

clustering 

with 

uncertainty 

estimation 

Complex 

model 

tuning 

Pre-

processing 

Overhead  

 

RQ1, 

RQ3 

[33] 

 (2023) 

Insect 

identificatio

n with 

unknown 

classes 

Deep 

hierarchical 

Bayesian 

learning 

Hierarchical 

Bayesian 

neural net 

Insect 

image 

datasets 

Accuracy, 

precision, 

recall 

Not 

specified Ecology / 

Computer 

Vision 

Handles 

unknown 

classes 

effectively 

Limited 

domain 

generaliza

bility 

Pre-

processing 

Overhead  

 

RQ2, 

RQ4 



 

[34] 

 (2025) 

Bayesian 

fixed effects 

estimation 

with large 

data 

Bayesian 

estimation 

for fixed 

effects 

Hierarchical 

Bayesian 

inference 

Large 

economic 

datasets 

Posterior 

estimates, 

convergenc

e 

Not 

specified 

Econometri

cs 

Efficient 

modelling 

for large-

scale 

estimation 

Scalability 

with ultra-

large 

datasets 

Dimensiona

lity of 

Features in 

audio 

samples 

 

RQ1, 

RQ3 

[35] 

 (2017) 

Understandi

ng FNN 

behaviour 

Generalized 

Hamming 

Network 

(GHN) 

GHN with 

batch norm 

and ReLU 

Standard 

image 

datasets 

Accuracy, 

training 

efficiency 

Not 

specified 
Neural 

Networks 

Theory 

Clarifies 

FNN 

training 

behaviour 

Not a 

Bayesian 

method 

per se 

larger 

feature 

input size 

than images 

 

RQ4 

[36] 

 (2024) 

Athlete 

performanc

e evaluation 

Hierarchical 

evaluation 

model 

Bayesian 

hierarchical 

modelling 

Basketball 

performanc

e data 

Model 

accuracy, 

interpretabil

ity 

Not 

specified 

Sports 

Analytics 

Enables 

fine-grained 

player 

assessment 

Limited to 

structured 

sports data 

Dimensiona

lity of 

Features in 

audio 

samples 

 

RQ2, 

RQ3 

[37] 

 (2024) 

Tomato leaf 

disease 

classificatio

n 

Bayesian 

optimized 

hybrid 

model 

Bayesian + 

multimodal 

DL model 

PlantVillag

e tomato 

leaf dataset 

Accuracy, 

F1-score, 

ROC-AUC 

0.33 

seconds per 

image Agriculture 

/ Plant 

Pathology 

Improved 

classificatio

n using 

Bayesian 

tuning 

May not 

generalize 

to other 

crops 

Dimensiona

lity of 

Features in 

audio 

samples 

 

RQ2, 

RQ4 

[38] 

 (2021) 

Liquefactio

n 

assessment 

Bayesian 

hierarchical 

+ 

Bayesian 

regression 

model 

Geotechnic

al testing 

datasets 

Model 

uncertainty, 

predictive 

power 

Not 

specified 
Geotechnic

al 

Engineering 

Better risk 

estimation 

for 

liquefaction 

Model 

complexit

y and data 

quality 

larger 

feature RQ1, 

RQ3 



 

 

uncertainty 

modelling 

input size 

than images 

 

[39] 

 (2021) 

Large-scale 

classificatio

n 

Hierarchical 

semantic 

risk 

minimizatio

n 

Hierarchical 

semantic 

classifier 

ImageNet, 

OpenImage

s 

Accuracy, 

semantic 

distance 

loss 

Not 

specified 
Computer 

Vision 

Improved 

accuracy 

with 

hierarchy-

based risk 

Computati

onal cost 

in training 

Pre-

processing 

Overhead  

 

RQ2, 

RQ5 

[40] 

 (2020) 

Improving 

SVM using 

hierarchical 

likelihood 

Hierarchical 

likelihood-

based SVM 

SVM + 

hierarchical 

likelihood 

Text, 

numeric 

datasets 

Accuracy, 

computatio

nal time 

Not 

specified 

Machine 

Learning 

Enhanced 

SVM 

accuracy 

and 

interpretabil

ity 

Model 

interpretab

ility in 

complex 

scenarios 

Dimensiona

lity of 

Features in 

audio 

samples 

 

RQ1, 

RQ4 

[41] 

(2025) 

Bayesian 

estimation 

with large 

datasets in 

fixed effects 

models 

Bayesian 

estimation 

for fixed 

effects 

Bayesian 

modelling 

Large-scale 

economic 

datasets 

Estimation 

accuracy, 

scalability 

0.32 

seconds per 

image Econometri

cs 

Effective 

Bayesian 

estimation 

for fixed 

effects with 

large data 

Generaliza

bility 

limited to 

fixed 

effects 

models 

Dimensiona

lity of 

Features in 

audio 

samples 

RQ1, 

RQ5 



 

4. Results and Discussion 

In this section results obtained after detailed classification of articles presented in Table 7 have 

been listed according to the  RQs given in Table 3.  

 

RQ1. Existing Approaches for Hierarchical Bayesian Modelling in Neural Networks 

Hierarchical Bayesian Neural Networks (HBNNs) extend traditional Bayesian Neural 

Networks by introducing hierarchical structures that allow for modelling group-level variations 

and sharing statistical strength across related tasks. This approach is particularly beneficial in 

scenarios with grouped data or multi-task learning settings. One notable implementation is the 

Hierarchical Probabilistic Neural Network (HPNN) adds a Bayesian component to a non-

Bayesian network, allowing better uncertainty quantification and estimation while providing 

theoretical guarantees. Informative priors in HBNNs are also a helpful alternative and offer 

domain knowledge during improvement in learning.  

RQ2. The Use of HBNNs Across Several Fields for Large Scale Classification 

In multiple fields, HBNNs have been utilized for large scale classification: 

• Bioinformatics: Modeling of gene expression data and its temporal correlations while tackling 

high dimensionality. 

• Healthcare: Predicting medical data outcomes using hierarchically structured data. 

• NLP: Modeling and analyzing collections of text data (e.g. reviews, social postings) to capture 

and characterize the language of the specific group. 

These applications demonstrate HBNNs' capability to handle complex, structured data by 

leveraging hierarchical modelling. Domains like Medical imaging, Wearable Computing, NLP, 

Network Science, ML Theory, Transportation, Bioinformatics, Geospatial, Unsupervised 

Learning, Computer Vision, Econometrics, Neural Networks Theory each appear once, 

reflecting the multidisciplinary usage of hierarchical/Bayesian models but with scattered focus. 

Figure 1 presents the field wise domain frequency of articles included in this research.  

 

Figure 1. Domain-wise articles included in this review 



 

RQ3. Common Inference Methods and Architectures Used in HBNNs 

Inference in HBNNs typically involves approximating the posterior distributions of model 

parameters. Common methods include: 

Variational Inference (VI): Approximates complex posteriors with simpler distributions, 

enabling scalable inference. 

Markov Chain Monte Carlo (MCMC): Provides very good posterior estimates, albeit at high 

computational cost. 

Laplace Approximation: a posterior is estimated using a Gaussian centered at the mode, 

offering a good trade-off between accuracy and computational cost. 

Architecturally, HBNNs often employ multi-layer perceptron’s or convolutional neural 

networks, depending on the data modality. The hierarchical structure is introduced by defining 

priors over group-level parameters, allowing the model to capture both global and local 

patterns.  

RQ4. Performance Comparison of HBNNs with Traditional Bayesian and Non-Bayesian 

Models 

Some advantages that HBNNs have in contrast with traditional Bayesian and non-Bayesian 

models are the following: 

• Improved uncertainty estimation: HBNNs provide reliable predictions due to their 

ability to model multi-level uncertainty. 

• Enhanced Generalization: The Benefits Provided by Grouping Sharing Statistical 

Strength Overcomes the Overfitting Challenge in Datasets with Less Samples per 

Group. 

• Competitive Accuracy: It Is Well Known that HBNNs Can Achieve Comparable and 

Sometimes Better Accuracy Than Traditional Models, Especially In More Complex 

Structured Datasets. 

But the benefits come with increased computational cost, which requires the development of 

optimal reasoning procedures tailored for real world implementations. 

RQ5. What Are the Current Gaps and Problems in the Context of Scaling HBNNs for Big 

Data Classifications? 

There are several problem areas when it comes to scaling HBNNs to big data contexts: 

• Computational Complexity: Inference methods like MCMC are computationally 

intensive, making them less suitable for large datasets. 

• Model Complexity: Designing appropriate hierarchical structures requires domain 

expertise and can be challenging in heterogeneous datasets. 

• Data Sparsity: In some groups, limited data can hinder the effective learning of group-

specific parameters. 

• Software and Tooling: Limited support in mainstream deep learning frameworks can 

impede the adoption of HBNNs. 



 

These problems can be solved by creating scalable inference algorithms, utilizing parallel 

processing, and improving the system’s support for hierarchical modelling. This review aims 

to describe the state of the art of HBNNs concerning large-scale classification problems, 

discussing the issues they offer and inspire further development and integration into the 

systems. 

4.1. Trend Identification 

In this review, RQ2 is mostly focused which indicates that HBNN approach is being focused 

in different domains as presented in figure 2. Here is a pie chart showing the distribution of 

studies by research questions (RQs): 

• RQ2 dominates with 34.4% of the studies. 

• RQ4 and RQ3 follow with 25.0% and 21.9% respectively. 

• RQ1 accounts for 15.6%. 

• RQ5 has the least representation at 3.1%. 

 

 

Figure 2. Most focused RQ of this review 

4.2 Dataset Frequency 

This review explored frequency of dataset processed by different studies. It is another highly 

significant factor that can determine the direction of research being conducted using HBNNs.  

From the figure 3 it can be clearly observed that large scale image dataset is being highly 

focused. 



 

 

Figure 3. Dataset focused by articles included in this review 

4.3 Year-wise analysis 

Year wise analysis has been performed to identify the focus of researches in applying HBNN 

for solving problems in multiple domains. It can be observed from the figure 4 that from 2015 

to 2025 there is a clear increase in trend to apply HBNN in research. 

 

Figure 4. Frequency of articles focused on HBNN per year 

4.4 Gap Analysis 

The gap analysis presented in figure 4 shows how often certain research gaps appear in the 

existing body of literature. It shows three main concerns: pre-processing overhead, size of 

features exceeding that of the input images, and the dimensionality of features for audio 

samples. Out of these, the complexity of audio features is the most concerning which suggests 

that there is not enough work done on optimizing complex high-dimensional data. This 

highlights the need for models that can effectively and efficiently scale audio and other high-

resolution inputs. 

 



 

 

 

Figure 4. Gap Analysis 

5.Conclusion  

This systematic review has provided a comprehensive understanding of the evolution and 

application of HBNNs in large-scale classification. It has been observed that HBNNs offer 

superior uncertainty quantification and interpretability, making them well-suited for domains 

such as medical diagnosis, economic forecasting, and image-based recognition. Popular 

inference approaches include Markov Chain Monte Carlo (MCMC), variational inference, and 

expectation propagation, with recent works favouring scalable approximations for 

computational feasibility. In comparative analyses, HBNNs often outperform traditional 

Bayesian and non-Bayesian models, particularly in terms of robustness and generalization. 

Still, there are significant gaps regarding the theoretical concepts of HBNNs when it comes to 

their practicality in terms of scale and training speed. These issues are aggravated in cases of 

high dimensional data with intricate hierarchical dependencies. Additionally, the absence of 

established evaluative criteria along with restricted public access to the HBNN implementing 

software make these gaps harder to address, hindering broader adoption. Future research should 

prioritize optimizing inference mechanisms, leveraging federated or distributed learning 

paradigms, and developing task-specific hierarchical priors to enhance model performance. By 

addressing these gaps, HBNNs have the potential to become a mainstay in reliable and 

interpretable AI systems for large-scale data environments. 

5.1 Future Directions 

We have identified following future directions from this review: 

1. Efficient hierarchical Bayesian neural networks (HBNNs) still face the challenge of 

developing effective inference approaches to reduce the extensive pre-processing steps that are 

often necessary. Further development is necessary to improve stochastic variational inference, 

amortized inference, and distributed sampling, particularly for high-dimensional raw audio 

data and large feature vectors.   



 

 

2. The integration of HBNNs with CNN’s, RNNs, and transformers can already aid in 

managing complexity caused by input sizes larger than an image. Medical diagnostics, remote 

sensing, and multi-modal audio classification are just a few domains that could benefit from 

exploration into hybrid structured representation and contextual learning models.   

3. To address high dimensionality in audio and other time series data, hierarchical models with 

latent variable structures need to be designed. HBNNs can incorporate task-specific latent 

variable structures using VAEs or attention mechanisms in order to automatically learn low-

dimensional, informative representations.   

4. Evaluation datasets and metrics are lacking with respect to high-dimensional data, especially 

in audio and multimodal contexts. The ability to curate detailed benchmark annotations is 

available, but is yet to be explored. 
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