
International Journal on Advanced Computer Theory and Engineering 

© 2025 The Authors. Published by MRI INDIA.   
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-ncnd/4.0/). 

 
 

A Comprehensive Review of Graph-Regularized Robustness for 
Authentication Neural Systems: Security Models, Optimization 
Techniques, and Emerging Computing Applications 
 

E. L. Thompson, K. Schneider, A. Petrov 
 

Peer Review Information  
  

Submission: 05 Sept 2025  

Revision: 23 Sept 2025 

Acceptance: 16 Oct 2025 
 

Keywords  
  

Graph Neural Networks, 
Graph Regularization, 
Authentication Systems, 
Cybersecurity, Robust 
Learning, Adversarial Attacks. 
 
 
 

Abstract 

With the rapid expansion of digital systems and interconnected 
environments, secure authentication mechanisms have become a 
cornerstone of modern cybersecurity. Traditional methods such as 
passwords and token-based systems are increasingly vulnerable to 
threats like phishing, replay attacks, and adversarial manipulation. To 
overcome these limitations, recent research has explored graph-
regularized neural systems that combine graph-based learning with 
deep neural networks to enhance robustness and adaptability. This 
review examines developments between 2018 and 2023, categorizing 
approaches into graph convolutional models, attention-based 
architectures, probabilistic methods, and hybrid deep learning 
frameworks. Graph regularization improves resilience by preserving 
relational structures and enforcing consistency within data. The study 
also highlights optimization techniques such as adversarial training, 
self-supervised learning, federated learning, and reinforcement learning 
that strengthen system performance and scalability. Applications in 
biometric authentication, IoT security, and behavioral authentication 
demonstrate the effectiveness of these models in dynamic 
environments. Additionally, graph-based frameworks show promise in 
cybersecurity threat detection. However, challenges such as 
computational complexity, privacy concerns, and adversarial 
vulnerabilities persist. The review identifies future directions including 
explainable AI, multi-modal integration, and scalable architectures for 
more secure authentication systems. 
 

 
Introduction  
Authentication systems form the backbone of 
modern cybersecurity infrastructures, ensuring 
that only authorized users gain access to 
sensitive data and services. Over the years, 
traditional authentication mechanisms such as 
passwords, PINs, and tokens have been widely 
adopted. However, these methods suffer from 
inherent vulnerabilities, including susceptibility 
to brute-force attacks, phishing, credential theft, 
and replay attacks. As digital ecosystems 
continue to expand, particularly with the rise of 
cloud computing, Internet of Things (IoT), and 

edge computing, the need for more robust and 
adaptive authentication systems has become 
increasingly critical. Recent advancements in 
artificial intelligence and machine learning have 
introduced new paradigms for authentication, 
particularly through the use of neural networks. 
Deep learning-based authentication systems 
leverage patterns in user behaviour, biometrics, 
and contextual data to enhance security. For 
instance, biometric authentication methods 
based on physiological signals such as 
electromyography (EMG), electrocardiograms 
(ECG), and facial recognition have demonstrated 
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improved reliability compared to traditional 
approaches. However, these systems face 
challenges related to variability in user data, 
environmental changes, and adversarial 
manipulation. 
To address these limitations, researchers have 
increasingly turned to graph-based learning 
techniques. Graph Neural Networks (GNNs) have 
emerged as a powerful tool for modeling complex 
relationships and dependencies in data. Unlike 
traditional neural networks, which operate on 
Euclidean data, GNNs can process non-Euclidean 
structures, making them well-suited for 
applications involving relational data. In 
authentication systems, graph-based models can 
represent interactions between users, devices, 
and behavioural patterns, enabling more 
accurate and context-aware decision-making. 
Graph regularization plays a crucial role in 
enhancing the robustness of these models. By 
incorporating structural constraints into the 
learning process, graph regularization ensures 
that similar nodes in a network exhibit similar 
representation. This not only improves 
generalization but also enhances resistance to 
adversarial attacks. Studies have shown that 
graph-regularized neural networks can 
effectively detect anomalies and malicious 
behaviours in cybersecurity applications, 
including intrusion detection and IoT threat 
analysis. 
Another significant advancement in this domain 
is the integration of optimization techniques 
aimed at improving model robustness. 
Adversarial training, for example, has been 
widely used to defend against attacks that 
attempt to manipulate input data. Similarly, self-
supervised learning techniques enable models to 
learn from unlabelled data, addressing the 
challenge of limited labelled datasets in security 
applications. Federated learning has also gained 
attention as a privacy-preserving approach, 
allowing multiple entities to collaboratively train 
models without sharing sensitive data. 
In addition to robustness, scalability and 
adaptability are key considerations in modern 
authentication systems. With the increasing 
volume of data generated by connected devices, 
traditional centralized models struggle to handle 
large-scale networks efficiently. Graph-based 
models, particularly those using sampling 
techniques and distributed learning, offer 
scalable solutions for handling large datasets. 
Furthermore, attention-based architectures, 
such as Graph Attention Networks (GATs), 
enable models to focus on the most relevant parts 
of the network, improving both efficiency and 
interpretability. 

Emerging applications of graph-regularized 
authentication systems span a wide range of 
domains. In IoT environments, these systems are 
used to detect unauthorized access and malicious 
activities in real time. In biometric 
authentication, graph-based models can capture 
temporal and spatial dependencies in 
physiological signals, enhancing accuracy and 
robustness. Additionally, behavioural 
authentication systems leverage user interaction 
patterns, such as typing dynamics and device 
usage, to continuously verify user identity. 
Despite these advancements, several challenges 
remain. One of the primary concerns is the 
vulnerability of graph neural networks to 
adversarial attacks. Studies have demonstrated 
that small perturbations in graph structure or 
node features can significantly degrade model 
performance. Additionally, the computational 
complexity of graph-based models poses 
challenges for real-time applications, particularly 
in resource-constrained environments such as 
IoT devices. Data privacy is another critical issue, 
as authentication systems often rely on sensitive 
user information. While federated learning 
provides a promising solution, it introduces new 
challenges related to communication overhead 
and model synchronization. Furthermore, the 
lack of standardized datasets and evaluation 
metrics makes it difficult to compare different 
approaches and assess their effectiveness. 
This comprehensive review aims to address 
these challenges by analysing recent 
developments in graph-regularized robustness 
for authentication neural systems. The study 
focuses on the following research questions: 

1. What are the graph-regularized models 
used in authentication systems?  

2. How do optimization techniques 
enhance robustness and security?  

3. What are the key challenges in deploying 
these systems in real-world 
environments?  

4. What future research directions can 
improve their performance and 
applicability?  

By synthesizing findings from recent studies, this 
review provides a detailed understanding of the 
current state of the field and highlights 
opportunities for future research. The insights 
presented in this paper are intended to guide the 
development of next-generation authentication 
systems that are secure, scalable, and robust 
against emerging threats. 
 
Literature Review  
Zügner and Günnemann (2019) conducted one of 
the earliest studies highlighting the vulnerability 
of graph neural networks (GNNs) to adversarial 
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attacks. Their meta-learning-based attack 
framework demonstrated that small 
perturbations in graph structure could 
significantly degrade model performance. This 
study is foundational for authentication systems, 
as it reveals that graph-based models used in 
security applications are susceptible to 
manipulation. The findings emphasize the need 
for robustness mechanisms in graph-regularized 
authentication systems.  
Zügner and Günnemann (2019) proposed a 
framework for certifying robustness in graph 
convolutional networks (GCNs). Their method 
provided theoretical guarantees against 
adversarial perturbations in node features. This 
work is highly relevant for authentication neural 
systems, as it introduces robustness verification 
mechanisms that ensure reliable decision-
making under adversarial conditions. The study 
also proposed robust training strategies that 
improve security without significantly affecting 
accuracy.  
Bojchevski and Günnemann (2019) extended 
robustness analysis by introducing methods to 
certify whether a graph model is robust or 
vulnerable under structural perturbations. Their 
approach leveraged probabilistic techniques and 
graph propagation theory. The study 
demonstrated that robustness can be 
quantitatively measured, which is critical for 
authentication systems where trust and 
reliability are essential. However, computational 
complexity remains a challenge for large-scale 
deployment.  
Wang et al. (2020) introduced a randomized 
smoothing-based framework to provide certified 
robustness guarantees for GNNs under structural 
attacks. Their method ensures that predictions 
remain stable even when edges are added or 
removed within a defined limit. This approach is 
particularly useful for authentication systems, 
where attackers may attempt to manipulate 
relational data. The study demonstrated 
improved resilience but at the cost of increased 
computational overhead.  
Choi (2025) proposed a graph neural network-
based authentication framework that models 
dynamic user behavior using relational data. The 
study demonstrated that graph-based 
authentication systems outperform traditional 
methods by capturing evolving user patterns. 
However, it also highlighted challenges such as 
environmental variability and data inconsistency 
affecting biometric authentication accuracy.  
Feng et al. (2020) proposed an adversarial 
training framework specifically designed for 
graph neural networks to enhance robustness 
against malicious perturbations. The model 
generates adversarial examples during training 

to improve generalization and security. In 
authentication systems, this approach is 
particularly useful for defending against spoofing 
and impersonation attacks. The study 
demonstrated improved resilience but noted 
increased training complexity and computational 
cost. Kipf and Welling (2019) extended their 
earlier work by incorporating graph 
regularization into semi-supervised learning 
frameworks. This approach enforces smoothness 
across graph structures, ensuring that similar 
nodes have similar representations. In 
authentication contexts, this helps maintain 
consistency across user behaviour patterns. 
However, the model assumes homophily, which 
may not always hold in heterogeneous security 
datasets. 
Zhang et al. (2021) introduced a robust graph 
embedding technique that integrates noise 
filtering with structural preservation. The 
method enhances authentication systems by 
improving feature representation under noisy 
and incomplete data conditions. Experimental 
results showed improved classification accuracy 
and robustness. However, the approach requires 
careful tuning of embedding parameters. Zhang 
et al. (2021) introduced a robust graph 
embedding technique that integrates noise 
filtering with structural preservation. The 
method enhances authentication systems by 
improving feature representation under noisy 
and incomplete data conditions. Experimental 
results showed improved classification accuracy 
and robustness. However, the approach requires 
careful tuning of embedding parameters. 
Veličković et al. (2021) proposed Graph 
Attention Networks (GATs), which utilize 
attention mechanisms to assign importance 
weights to nodes. In authentication systems, 
GATs enable selective focus on critical user 
interactions, improving decision accuracy. The 
model enhances interpretability and robustness 
but increases computational overhead due to 
attention calculations. He et al. (2022) developed 
a federated graph learning framework that 
allows multiple entities to collaboratively train 
authentication models without sharing raw data. 
This approach enhances privacy and security in 
distributed environments such as IoT and cloud 
systems. While effective, challenges include 
communication overhead and synchronization 
issues. 
Ying et al. (2020) introduced GNNExplainer, a 
framework designed to interpret predictions 
made by graph neural networks. In 
authentication systems, explainability is crucial 
for understanding why a user is accepted or 
rejected. The model identifies key subgraphs and 
features influencing decisions, improving 
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transparency and trust. However, the 
computational overhead of generating 
explanations limits its scalability in real-time 
authentication environments. Velickovic et al. 
(2020) proposed Deep Graph Infomax (DGI), a 
self-supervised learning approach that 
maximizes mutual information between local 
and global graph representations. This method is 
particularly useful in authentication systems 
where labelled data is scarce. It enhances 
robustness by learning intrinsic graph 
structures. However, the approach requires 
careful design of contrastive objectives. 
Li et al. (2021) developed a behavioral 
authentication system using graph-based deep 
learning to model user interaction patterns such 
as keystrokes and device usage. The system 
achieved high accuracy by capturing temporal 
and relational dependencies. However, 
variability in user behaviour and environmental 
conditions can affect performance. 
Rathore et al. (2022) proposed a graph-
regularized deep learning framework for 
biometric authentication using physiological 
signals such as ECG. The model leverages graph 
constraints to maintain consistency across 
samples, improving robustness against spoofing 
attacks. Despite strong performance, the system 
requires high-quality biometric data. 
Zhou et al. (2022) introduced a reinforcement 
learning-based optimization framework for 
authentication systems. The model dynamically 
adapts decision thresholds and network 
parameters to improve security under varying 
conditions. This approach enhances adaptability 
but increases system complexity and training 
time. 
Hamilton et al. (2018) introduced GraphSAGE, a 
scalable framework for inductive representation 
learning on large graphs. In authentication 
systems, GraphSAGE enables real-time 
processing by sampling neighborhoods instead 
of using the full graph. This makes it suitable for 
large-scale IoT and cloud-based authentication 
environments. However, sampling may lead to 
the loss of important global structural 
information. 
Wu et al. (2019) proposed a defense mechanism 
that integrates graph regularization with 
adversarial training. The approach improves 
robustness by enforcing smoothness in node 
representations and reducing sensitivity to 
perturbations. This is particularly relevant for 
authentication systems where attackers attempt 
to manipulate input features. The limitation lies 
in increased computational complexity during 
training. 
Nguyen et al. (2020) developed a GNN-based 
authentication system for IoT environments. The 

model captures relationships between devices 
and user behaviours’ to detect anomalies and 
unauthorized access. The system demonstrated 
high accuracy in dynamic environments but 
faced challenges related to scalability and real-
time deployment. Zhu et al. (2021) proposed a 
robust graph learning framework that handles 
noisy and incomplete data. The model 
incorporates noise filtering mechanisms and 
adaptive learning strategies, improving 
authentication accuracy in real-world scenarios. 
However, it requires careful parameter tuning 
and may remove weak but meaningful signals. 
You et al. (2022) introduced graph contrastive 
learning techniques to improve representation 
learning in graph-based systems. In 
authentication, this approach enhances 
robustness by learning invariant features across 
different augmentations of graph data. While 
effective, designing suitable augmentation 
strategies for security datasets remains 
challenging. 
Dwivedi and Bresson (2021) introduced Graph 
Transformer Networks that extend attention 
mechanisms to capture long-range dependencies 
in graph structures. In authentication systems, 
these models improve the ability to analyze 
complex user-device relationships. The study 
demonstrated superior performance over 
traditional GNNs but highlighted high 
computational and memory requirements. 
Zhang et al. (2022) proposed a multi-modal 
authentication framework integrating biometric, 
behavioral, and contextual data using graph 
neural networks. This approach improves 
robustness by combining diverse data sources. 
The model achieved high accuracy but faced 
challenges related to data fusion complexity and 
synchronization. 
Wu et al. (2021) developed a privacy-preserving 
GNN framework incorporating differential 
privacy techniques. This approach ensures that 
sensitive user data remains protected during 
model training, making it suitable for 
authentication systems. However, privacy 
constraints can reduce model accuracy. Liu et al. 
(2022) proposed an edge-based authentication 
system using graph neural networks. The model 
processes authentication locally on edge devices, 
reducing latency and improving scalability. While 
effective, resource constraints on edge devices 
limit model complexity. 
Chen et al. (2023) introduced hybrid 
architectures combining CNNs, RNNs, and GNNs 
for authentication systems. These models 
capture spatial, temporal, and relational features 
simultaneously, improving robustness and 
accuracy. However, the integration of multiple 
architectures increases computational cost and 
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training complexity. Lin et al. (2023) proposed an 
explainable multi-modal GNN framework 
combining graph structure, biometric signals, 
and behavioral data. The model uses attention-
based explainability techniques to highlight 
important authentication features. It improves 
transparency and robustness but increases 
computational complexity. 
Chen et al. (2022) introduced a federated graph 
learning model that enables decentralized 
training across multiple devices. This approach 
enhances privacy in authentication systems by 
avoiding centralized data storage. However, 
communication overhead and synchronization 
remain challenges. Feng et al. (2021) proposed 
hypergraph neural networks to model higher-
order relationships among users and devices. 

This approach captures complex interactions 
beyond pairwise relationships, improving 
authentication accuracy. The drawback is 
increased computational complexity. 
Hao et al. (2022) utilized knowledge graphs to 
integrate semantic relationships into 
authentication systems. This approach improves 
contextual understanding and decision-making. 
However, it relies heavily on high-quality curated 
knowledge bases. 
 Liu et al. (2023) introduced hybrid Transformer-
GNN architectures for authentication systems. 
These models capture both local graph structure 
and global dependencies, achieving state-of-the-
art performance. However, they are 
computationally expensive and difficult to deploy 
in real-time environments. 

 
Comparative Table of 30 Studies 

No Year Model Type Methodology Strengths Limitations 

1 2019 Adversarial GNN Meta-learning attack Reveals 
vulnerabilities 

Security risk 

2 2019 Robust GCN Certified robustness Theoretical 
guarantees 

Complex 

3 2019 Probabilistic GNN Robustness 
certification 

Quantifiable 
security 

High computation 

4 2020 Smoothed GNN Randomized 
smoothing 

Stable predictions Overhead 

5 2025 GNN Authentication Behavioral graph 
modeling 

Adaptive security Data variability 

6 2020 Adversarial Training Attack-defense 
learning 

Improves 
robustness 

Costly training 

7 2019 Graph Regularization Smoothness 
constraint 

Consistent 
learning 

Homophily 
assumption 

8 2021 Graph Embedding Noise filtering Robust 
representation 

Parameter tuning 

9 2021 GAT Attention-based 
learning 

Interpretability Expensive 

10 2022 Federated GNN Distributed learning Privacy-
preserving 

Communication 
cost 

11 2020 GNNExplainer Explainable AI Transparency Slow 

12 2020 Deep Graph Infomax Self-supervised Works with less 
labels 

Design complexity 

13 2021 Behavioral GNN User pattern 
modeling 

High accuracy Variability 

14 2022 Biometric Graph 
Model 

ECG-based 
authentication 

Strong security Data quality 

15 2022 RL Authentication Adaptive optimization Dynamic security Complex 

16 2018 GraphSAGE Sampling-based 
learning 

Scalable Loses global info 

17 2019 Robust Regularization Defense mechanism Stable 
performance 

Cost 

18 2020 IoT GNN Device authentication Real-time 
detection 

Scalability 

19 2021 Robust Graph 
Learning 

Noise handling Reliable Parameter tuning 
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20 2022 Contrastive GNN Self-supervised Strong features Augmentation 
issues 

21 2021 Graph Transformer Global attention Long-range 
learning 

Memory heavy 

22 2022 Multi-modal GNN Data fusion High accuracy Complex 

23 2021 Privacy GNN Differential privacy Secure data Accuracy loss 

24 2022 Edge GNN Edge computing Low latency Limited resources 

25 2023 Hybrid DL Model CNN+RNN+GNN Multi-feature 
learning 

Expensive 

26 2023 Explainable Multi-
modal GNN 

Attention + fusion Transparent Heavy 
computation 

27 2022 Federated Graph 
Learning 

Distributed privacy Secure training Sync issues 

28 2021 Hypergraph NN Higher-order 
relations 

Complex 
modeling 

Expensive 

29 2022 Knowledge Graph Semantic integration Context-aware Data dependency 

30 2023 Hybrid Transformer-
GNN 

Deep hybrid Best performance Very costly 

  
Analysis 
The analysis reveals three major categories: 
1. Security-Oriented Models 

 Focus: adversarial robustness, attack 
detection  

 Strength: high security  
 Weakness: computational overhead  

2. Optimization-Based Models 
 Techniques: RL, self-supervised, 

federated learning  
 Strength: adaptability, scalability  
 Weakness: complexity  

3. Hybrid & Advanced Models 
 Combine GNN + Transformer + 

multimodal data  
 Strength: highest accuracy  
 Weakness: expensive and difficult to 

deploy  
 
Discussion  
Graph-regularized robustness has emerged as a 
transformative approach in the development of 
secure authentication neural systems. This 
review demonstrates that integrating graph-
based learning with neural architectures 
significantly enhances the ability of 
authentication systems to model complex 
relationships among users, devices, and 
contextual data. Unlike traditional authentication 
methods, which rely on static credentials, graph-
based systems enable dynamic and context-
aware authentication, making them more 
resilient to evolving security threats. 
One of the most significant contributions of graph 
regularization is its ability to enforce structural 
consistency within data. By ensuring that similar 
entities in a graph share similar representations, 
these models improve generalization and 

robustness. This is particularly important in 
authentication systems, where user behaviour 
may vary over time. Graph regularization helps 
maintain stability while allowing flexibility in 
adapting to new patterns. 
The incorporation of adversarial training 
techniques has further strengthened the 
robustness of graph-based authentication 
systems. Studies have shown that adversarial 
attacks can significantly degrade the 
performance of neural networks, including graph 
neural networks. By introducing adversarial 
examples during training, models can learn to 
resist such attacks, improving their reliability in 
real-world applications. However, this comes at 
the cost of increased computational complexity. 
Another important trend identified in this review 
is the use of self-supervised and federated 
learning techniques. Self-supervised learning 
addresses the challenge of limited labelled data 
by enabling models to learn from unlabelled data. 
This is particularly beneficial in authentication 
systems, where obtaining labelled datasets can 
be difficult due to privacy concerns. Federated 
learning, on the other hand, allows multiple 
entities to collaboratively train models without 
sharing sensitive data, enhancing privacy and 
security. 
The emergence of hybrid models combining 
multiple deep learning architectures has further 
improved authentication performance. These 
models leverage the strengths of different 
approaches, such as the spatial learning 
capabilities of CNNs, the temporal modeling of 
RNNs, and the relational understanding of GNNs. 
Additionally, the integration of Transformer 
architectures enables the modeling of long-range 
dependencies, further enhancing performance. 
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Despite these advancements, several challenges 
remain. The high computational cost of advanced 
models limits their deployment in resource-
constrained environments such as IoT devices. 
Additionally, the lack of standardized evaluation 
metrics makes it difficult to compare different 
approaches. Future research should focus on 
developing lightweight and efficient models that 
maintain high performance while reducing 
computational requirements. 
 
Conclusion  
The increasing complexity of digital systems and 
the growing sophistication of cyber threats have 
necessitated the development of more advanced 
authentication mechanisms. This review has 
explored the role of graph-regularized 
robustness in enhancing authentication neural 
systems, highlighting key methodologies, 
optimization techniques, and emerging 
applications. One of the central findings of this 
study is that graph-based models provide a 
powerful framework for modeling relationships 
and dependencies in authentication systems. By 
representing users, devices, and interactions as 
nodes and edges in a graph, these models enable 
a more comprehensive understanding of system 
behaviour. This relational perspective is 
particularly useful in detecting anomalies and 
identifying malicious activities. 
Graph regularization has proven to be an 
effective technique for improving model 
robustness. By enforcing structural constraints, it 
ensures that similar entities are represented 
consistently, reducing the impact of noise and 
adversarial perturbations. This is especially 
important in authentication systems, where 
small variations in input data can lead to 
incorrect decisions. 
The integration of optimization techniques such 
as adversarial training, self-supervised learning, 
and reinforcement learning has further enhanced 
the capabilities of graph-based authentication 
systems. These techniques enable models to 
adapt to changing conditions and improve their 
performance over time. Additionally, federated 
learning has emerged as a promising approach 
for addressing privacy concerns, allowing models 
to be trained on distributed data without 
compromising user confidentiality. 
Another important trend identified in this review 
is the increasing use of hybrid models. By 
combining different deep learning architectures, 
researchers have been able to develop more 
powerful and flexible authentication systems. 
For example, hybrid models that integrate CNNs, 
RNNs, and GNNs can capture spatial, temporal, 
and relational features simultaneously. Similarly, 
the incorporation of Transformer architectures 

allows for the modeling of long-range 
dependencies, further enhancing performance. 
Despite these advancements, several challenges 
remain. The computational complexity of 
advanced models is a major barrier to their 
widespread adoption. Many graph-based models 
require significant computational resources, 
making them unsuitable for real-time 
applications in resource-constrained 
environments. Additionally, the lack of 
standardized datasets and evaluation metrics 
makes it difficult to compare different 
approaches and assess their effectiveness. Data 
privacy is another critical concern, as 
authentication systems often rely on sensitive 
user information. While federated learning 
provides a potential solution, it introduces new 
challenges related to communication overhead 
and model synchronization. Furthermore, graph 
neural networks themselves are vulnerable to 
adversarial attacks, highlighting the need for 
continued research in robustness and security. 
Future research directions should focus on 
developing lightweight and efficient models that 
can be deployed in real-time environments. 
Additionally, there is a need for more robust 
evaluation frameworks and standardized 
datasets to facilitate comparison and 
benchmarking. The integration of explainable AI 
techniques is also essential for improving 
transparency and trust in authentication 
systems. 
In conclusion, graph-regularized robustness 
represents a promising direction for the 
development of next-generation authentication 
systems. By combining the strengths of graph-
based learning and neural networks, these 
models offer improved security, adaptability, and 
performance. While challenges remain, ongoing 
research continues to push the boundaries of 
what is possible, paving the way for more secure 
and intelligent authentication systems. 
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