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Abstract: Data is considered the most crucial element in open 
banking processes and services� Therefore, it is necessary to pay 
attention to various aspects of the quality of this data in order to 
provide appropriate and expected services to customers� In this 
research, various dimensions representing different aspects of 
data quality were investigated in the field of open banking� This 
research has been conducted in two main steps: The Delphi 
method and the pairwise comparisons method� In the first step, 
various dimensions of data quality in open banking were extracted 
based on the Delphi method� In the next step, the importance of 
each of these dimensions was assessed relative to each other 
using the pairwise comparisons method, and the most crucial 
dimensions were determined� Based on the results obtained 
from these two methods, the significance of eleven dimensions 
of data quality in this field was determined� The best overall 
weighted averages were related to dimensions such as accuracy, 
accessibility, relevancy, timeliness, consistency, security, 
interpretability, reputation, believability, ease of understanding, 
and value-added, respectively� Banks and fintech companies 
offering open banking services can consider these dimensions
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Abstract  
Background: Neuromorphic computing is a newly 
developed technology that is based on data-flow 
architectures similar to the brain, which has the potential to 
power energy-constrained, latency-sensitive, and large-
scale applications. The lack of flexibility in energy 
consumption and response time of traditional systems is a 
problem where neuromorphic platforms shine in real-time 
applications like robotics, IoT and autonomous systems. 
Objective: The article aims to assess the capabilities of 
neuromorphic computing platforms with respect to 
conventional schemes, both quantitatively and qualitatively, 
in terms of energy consumption, response time, modularity, 
and application-dependent adaptability, and to determine the 
drawbacks and application prospects for its further 
development. 
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when evaluating the quality of their data to enhance the provision of superior 
services�

Keywords: Open banking, Data quality, Delphi method, Pairwise Comparisons

1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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Methods: The study uses a comparative analysis approach to compare the identified 
factors and make statistical comparisons of the performance measures. The 
performance of the neuromorphic platforms as compared to non-neuromorphic 
platforms like Intel Loihi, IBM TrueNorth, NVIDIA Tesla V100, and Google TPU is 
compared based on its applications in robotics, IoT, and especially in healthcare. Data 
is derived from the experimental assessments of knowledge and theoretical 
paradigms encountered in prior research studies. 
Results: Neuromorphic systems showed better energy consumption, system size, 
and delay characteristics. Nevertheless, that the algorithm so excellently solves 
particular tasks does not mean that it can successfully be used regardless of its 
purpose, or can be adapted freely to new, further-reaching trends, such as quantum 
computing. Regression results demonstrate a high degree of dependency between 
these measures as well as their potential for real time data processing. 
Conclusion: Neuromorphic computing can be regarded as a new paradigm of energy-
efficient and scalable AI and is especially promising for latency-sensitive deployment. 
Their shortcomings have been discussed earlier, yet it is worth stating that extension 
of these approaches by hybrid systems and more sophisticated integration 
frameworks might open new opportunities and eventually promote them as a 
foundation for new-generation computation models. 
 
Keywords: Neuromorphic computing, AI hardware, spiking neural networks (SNNs), 
brain-inspired architecture, Loihi, TrueNorth, energy efficiency, real-time processing, 
edge computing, scalable AI systems. 
 
1. Introduction  
Neuromorphic computing, which emulates the structure and functioning of the 
human brain, has emerged as the next-generation approach to artificial 
intelligence (AI) and machine learning (ML). This field leverages spiking 
neural networks (SNNs) and neuromorphic systems to replicate brain 
function, offering advantages in terms of high speed, scalability, and real-time 
responsiveness. Recent advancements in neuromorphic architectures, 
hardware implementations, and energy-efficient algorithms have been 
extensively investigated due to the growing demand for AI with high 
processing power in robotic systems, autonomous vehicles, and IoT 
functionalities (Rathi et al. 2023; Zenke and Neftci 2021). 

Neuromorphic computing is founded on specialized architectures that 
correspond to synaptic plasticity and neuronal activity. The trend towards 
neuromorphic processors is exemplified by Intel's Loihi, which demonstrates 
how energy-efficient and scalable solutions can be achieved for SNN-based 
applications  (Davies et al. 2021). The integration of flexible organic electronic 

materials has facilitated the adoption of neuromorphic systems in novel and 
bio-integrated domains (Keene, Gkoupidenis, and Burgt 2021). Additionally, 
research has explored memristive devices for designing high-speed, low-
power neuromorphic systems that bridge theoretical simulations and 
implementable design schemes (Huang et al. 2023; Faris, Jasim, and Qasim 
2021). 

In robotics, neuromorphic computing has revolutionized vision and control 
in complex environments with minimal time delay. Neuromorphic hardware 
and neural architectures significantly enhance robotics by enabling tasks 
such as object recognition, spatial navigation, and environmental interaction 
(Sandamirskaya et al.). Moreover, recent increases in spiking neural 
networks with deep convolutional architectures have enabled neuromorphic 
vision systems to achieve event-based real-time performance (Lian et al. 
2022; Qasim, Pyliavskyi, and Solodka 2019). 

A critical challenge in AI and neuromorphic computing is energy 
consumption, which becomes even more significant in wearable devices. 
These models demand substantial computational resources, resulting in 
unsustainable energy consumption (Desislavov, Martínez-Plumed, and 
Hernández-Orallo 2023), (Abbas et al. 2024). However, neuromorphic 
computing mitigates this issue through event-driven, asynchronous 
computation. Quantum materials further enhance energy efficiency, providing 
scalable approaches for neuromorphic devices in line with the requirements 
of next-generation AI systems (Hoffmann et al. 2022; Hashim et al. 2019). 
Notable advancements include the development of ADC-less neuromorphic 
processors, showcasing high performance with low energy requirements (Kim 
et al. 2023). 

Neuromorphic interfaces have also been demonstrated in sustainable 
technologies, combining green computing with high-speed processing. For 
instance, biomimetic neural encoders have achieved significant 
improvements in power efficiency and large-scale SNN (Subbulakshmi 
Radhakrishnan et al. 2021). Similarly, photonic techniques for neuromorphic 
computing offer new opportunities and excellent prospects for creating high-
speed, energy-efficient AI systems (Dabos et al. 2021). These advancements 
have implications for emerging fields, such as the use of drones in 
telecommunications and the IoT sector (Qasim and Nataliia, 2022), illustrating 
the applicability of neuromorphic computing architectures. 
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Despite the progress, programming neuromorphic systems remains a 
challenge. Software tools facilitate the prototyping and modeling of 
neuromorphic architectures, such as the Neural Engineering Framework 
(NEF), which can simulate architectures from theoretical frameworks to 
practical implementations (Voelker and Eliasmith 2020). These frameworks 
enable the integration of neuromorphic AI within distributed systems, 
presenting innovative concepts for event-driven digitized systems (Nilsson et 
al. 2023). Furthermore, new neuron models, such as the adaptive leaky 
integrate-and-fire neuron, have been introduced to enhance spiking neural 
networks by incorporating more complex dynamics (Liu, Cai, et al. 2023; 
Qasim and Pyliavskyi 2020). 

Autonomous systems and edge computing stand to benefit significantly 
from the development of neuromorphic computing. From event-based 
autonomous vehicles utilizing the Loihi processor to parallelized CNN object 
detectors on heterogeneous platforms, neuromorphic hardware 
demonstrates the potential for real-time decision control and computational 
parallelism in embedded systems, spanning a wide range of applications. 
Additionally, the use of 5G-driven UAVs supporting energy-efficient 
networking has further established the practical implementation of 
neuromorphic technologies ion (Qasim and Jawad 2024). 

Neuromorphic computing also extends into the optoelectronics domain. 
Novel visual synapse elements with high linearity in photonic transport have 
been developed, utilizing light to modulate weights in neuromorphic vision 
systems (Liu, Wang, et al. 2023). These systems, capable of managing high-
dimensional data flow, highlight the synergy between optics and electronics 
in neuromorphic architectures aimed at increasing processing speed and 
reducing power consumption. 

As the field progresses, the integration of neuromorphic computing with 
quantum computing and novel materials will continue to offer new 
perspectives for AI and ML. The growing body of academic literature supports 
the notion that neuromorphic systems could significantly disrupt industries 
such as healthcare, robotics, telecommunications, and beyond. This article 
seeks to provide a comprehensive discussion of these developments, while 
highlighting the prospects that will define the future of neuromorphic 
computing. 

 

1.1. The Aim of the Article 
This article aims to provide a detailed analysis of neuromorphic computing 
and its potential to transform AI and ML through cost-efficient, bio-mimetic 
architectures. By examining recent advancements in spiking neural networks 
and neuromorphic hardware, and their applicability across diverse domains 
such as robotics, IoT, and autonomous systems, this article seeks to 
demonstrate the revolutionary potential of neuromorphic technologies in 
shaping the future of modern computing paradigms. 

In addition, this article intends to do the following: To review the recent 
developments in the integration of new materials, adaptive algorithms, and 
scalable hardware designs and to identify how closely these developments 
meet the existing theoretical models. It emphasizes that neuromorphic 
computing solves problems in real-time processing, adaptability, and 
cognitive capabilities in addition to combating the increase in expectations for 
computing efficiency and energy consumption by society. 

One of the aims of this article is the disclosure of the interconnection 
between neuromorphic computing and other trends, for instance, 5G, IoT 
systems, and quantum computing. Based on that, this article is an attempt to 
offer a critical review of neuromorphic technologies with outlining the current 
difficulties, vulnerability, and timeline for breakthroughs, for the researchers, 
engineers, and decision-makers in the academy and markets to best employ 
the potential of neuromorphic system in the next-generation devices. The 
article aims at encouraging invention, collaborating on using creations, and 
preparing for the arrival of logical and sustainable computing technologies. 

 
1.2. Problem Statement 
The recent advances in artificial intelligence –supported by machine learning 
algorithms- have seen a massive increase in the computational requirements 
per unit of data analyzed, posing new problems in terms of energy 
consumption, as well as scalability and real-time processing. Traditional 
architectures including von Neumann systems are inadequate to satisfy the 
ever-rising demands of applications especially in dynamic environments and 
constrained resources. These limitations require looking for new approaches 
to computing that fully emulate biological wetware in terms of efficiency and 
flexibility. 
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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These problems can be solved with hardware architectures which are 
based on the spiking neuron model called neuromorphic computing. 
However, there are some unsolved aspects, which prevent its application and 
implementation in practice. Manual programming and optimization of SNNs 
remain challenging, and it is essential to propose new frameworks and 
development tools intended to facilitate the design and implementation of 
SNNs. However, the issues of scale of neuromorphic hardware are also the 
most challenging when considering applications that require high processing 
power and large-scale networks. 

Furthermore, the power efficiency of neuromorphic systems is satisfactory, 
however, it has to be fine-tuned to provide a competitive traversal of low-
power platforms in node and IoT applications. Adopting neuromorphic 
computing with new generation technologies like 5G, quantum computing, 
and advanced materials creates multiple layers of complexities and requires 
multiple-disciplinary methodologies for its realizable. 

Specifically, this article outlines and discusses these challenges with a 
strong call for specific research and development innovation to fully unlock 
the possibilities of neuromorphic computing. Solution of these challenges 
poses important key to liberate the paradigm shift in AI, and hence there is 
need to create smarter, efficient and sustainable AI systems in various fields. 

 
2. Literature Review 
Neuromorphic computing is latterly emerging as an attractive paradigm due 
to its mimicry of biological neural networks and its capability to enact the 

issues that regular computing approaches have. The integration of spiking 
neural networks (SNNs) with neuromorphic hardware has provided 
opportunities for the development of new, energy-efficient systems with high 
performance in terms of cognitive processes simulating the human brain 
(Shrestha et al. 2022). Nonetheless, while a sizeable literature presents its 
potential for positive change, much work is still needed in both the practical 
and theoretical domains. 

Previous publications have shown that neuromorphic computing can be 
applied to the different fields including self-driving, robotics and IoT. The 
discussion by Fu, et al. (2021) presented self-sustained green neuromorphic 
interfaces that focus on energy-efficient aspects of neuromorphic engineering 
(Fu et al. 2021). Since these systems are based on the biological procedures 
that make them self-sufficient, such solutions offer a revolutionary 
advancement in energy effective computing. In a similar way Shrestha, et al. 
(2022) surveyed the neuromorphic models and the hardware describing in 
details the variety of architectures and their uses from event mode stuff to 
real-time decision making (Shrestha et al. 2022). 

For instance, real-time event-based processing in autonomous vehicles 
has been enhanced by CarSNN, an efficient SNN framework developed on 
Loihi processor (Viale et al. 2021). Likewise, Chun et al. (2023) proposed 
computational parallelization approaches for CNN based object detectors in 
the heterogeneous to improve the speed of operation for such embedded 
systems (Chun et al. 2023). These developments demonstrate how 
neuromorphic architectures complement the concept of autonomous systems 
for providing solutions that are latency-bound and efficient. 

Nevertheless, several challenges and gaps remain, limiting the broader 
application of neuromorphic computing. Scaling poses a significant issue in 
neuromorphic systems, where energy efficiency—though a notable 
characteristic—cannot be easily sustained in large networks (Uliana 
Iatsykovska. Khlaponin Yuriy 2018). For instance, Krouka et al. (2021) noted 
that while model compression and splitting enhance energy consumption for 
collaborative inference, their effectiveness is contingent upon fluctuations in 
real-time communication channels  (Krouka et al. 2021). Therefore, these 
techniques require optimization for reliable performance in dynamic 
environments (Abdulameer et al. 2024). 

Another challenge appears to be scalability especially in extending from 
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single chip neuromorphic systems to multiple chip systems. Yang, et al. (Yang 
et al. 2022) presented the BiCoSS framework that includes multigranularity 
neuromorphic structures networks for large cognition (Yang et al. 2022). 
Nevertheless, the adoption of such architectures can sometimes be 
demanding for complicated hardware fine-tuning and much computational 
power. 

Another is the combination of neuromorphic hardware with other 
traditional Machine Learning architectures like CNNs, MLPs. Similarly, Ye et 
al. (Ye, et al. 2023) focused on the tuning of neuromorphic hardware to 
accommodate hybrid models, but the results show that achieving uniform 
performance across various workloads is an ongoing challenge (Ye, et al. 
2023). These constraints in interface and integration flexibility of 
neuromorphic hardware with conventional AI platforms also limit its use in 
large and diverse actual problems (Ghazi et al. 2021). 

In order to fill these gaps, researchers propose certain ideas. Awareness 
of energy efficiency at the large scale can be made by integration of 
neuromorphic systems in renewable energy systems as shown by Fu et al. 
(Fu et al. 2021) (Fu et al. 2021),, and optimization of the compression 
techniques required for dynamic channels (Jawad 2023) . Another line of 
research is related to adaptive neuromorphic architectures – the topologies 
for neural networks that may change proactively in response to the 
modifications of the environment (Khlaponin Yu.I. 2022). 

To implement the scale ability in fact, the necessity of the integration of the 
multigranular approaches discussed in the BiCoSS (Yang et al. 2022) as well 
as the modular approaches in the form of the hardware design. Furthermore, 
progressive developments of the neuromorphic and traditional AI hybrid 
frameworks by Ye et al. (Ye, Chen, and Liu 2023) may expand capabilities 
throughout different functionalities (Ye, et al. 2023). 

Last but not least, further development of event driven processing 
frameworks for neuromorphic computing as in CarSNN (Viale et al. 2021) can 
contribute to the improvement of application specific neuromorphic systems 
for application such as auto mobiles and robotics (Viale et al. 2021). Such 
concepts when combined with parallelized architectures can lead to improved 
performance as well as flexibility in real time modality (Chun et al. 2023). 

Neuromorphic computing has the possibility to revolutionize modern 
computing systems, but its present drawbacks should be resolved with the 

help of energy-efficient design, scalable architectures, and principles of 
integration with other materials. These developments will have the potential 
to widely integrate neuromorphic technology for defining the next generation 
of intelligent systems. 

 
3. Methodology  
This study employs a systematic and efficient methodology that integrates 
experimental design, the appropriate selection of hardware and software, 
mathematical modeling of algorithms, and rigorous statistical analysis to 
quantify neuromorphic computing systems. The primary focus is on energy 
efficiency, scalability, and real-time performance, emphasizing the superiority 
of neuromorphic systems compared to traditional architectures. The following 
sub-sections detail each methodological aspect to ensure clarity and 
replicability. 
 
3.1. Research Design 
The study employs a comparative experimental approach to identify and 
focus on the main areas of application and challenges of neuromorphic 
computing systems. Neuromorphic platforms that are Loihi of Intel and 
TrueNorth of IBM are compared with other traditional AI processors such as 
GPUs and TPUs. The research addresses three primary hypotheses: 

1. One of the major advantages of neuromorphic systems is that they 
demonstrate much higher energy efficiency owing to event-driven and 
asynchronous modes (Davies et al. 2021; Fu et al. 2021). 

2. Real-time computations show that neuromorphic architectures offer 
lower latency for the event-driven adaptation in dynamic scenes 
(Zenke and Neftci, 2021; Shrestha et al. 2022). 

3. These systems exhibit improved scalability of large-scale neural 
networks in comparison with conventional processors (Yang et al. 
2022). 

The study framework involves assessing tasks in various domains of AI 
that can be sensory data processing, autonomous navigation, and image 
identification. Another component within the defined activities are tasks, 
which are also universalized in order to allow for comparisons on the level of 
platforms. 
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help of energy-efficient design, scalable architectures, and principles of 
integration with other materials. These developments will have the potential 
to widely integrate neuromorphic technology for defining the next generation 
of intelligent systems. 

 
3. Methodology  
This study employs a systematic and efficient methodology that integrates 
experimental design, the appropriate selection of hardware and software, 
mathematical modeling of algorithms, and rigorous statistical analysis to 
quantify neuromorphic computing systems. The primary focus is on energy 
efficiency, scalability, and real-time performance, emphasizing the superiority 
of neuromorphic systems compared to traditional architectures. The following 
sub-sections detail each methodological aspect to ensure clarity and 
replicability. 
 
3.1. Research Design 
The study employs a comparative experimental approach to identify and 
focus on the main areas of application and challenges of neuromorphic 
computing systems. Neuromorphic platforms that are Loihi of Intel and 
TrueNorth of IBM are compared with other traditional AI processors such as 
GPUs and TPUs. The research addresses three primary hypotheses: 

1. One of the major advantages of neuromorphic systems is that they 
demonstrate much higher energy efficiency owing to event-driven and 
asynchronous modes (Davies et al. 2021; Fu et al. 2021). 

2. Real-time computations show that neuromorphic architectures offer 
lower latency for the event-driven adaptation in dynamic scenes 
(Zenke and Neftci, 2021; Shrestha et al. 2022). 

3. These systems exhibit improved scalability of large-scale neural 
networks in comparison with conventional processors (Yang et al. 
2022). 

The study framework involves assessing tasks in various domains of AI 
that can be sensory data processing, autonomous navigation, and image 
identification. Another component within the defined activities are tasks, 
which are also universalized in order to allow for comparisons on the level of 
platforms. 
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1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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3.2. Hardware and Software Setup 
This research takes advantage of highly sophisticated hardware and software 
tools to analyze and benchmark neuromorphic and conventional computers. 
Neuromorphic hardware in development is Intel Loihi, which has the ability to 
address 130 K neurons and 100 Msynapses, designed for dynamic learning 
and IBM TrueNorth that works 1M neurons and 256 Msynapses, designed for 
low-power neural computation. Nonetheless, they also employ traditional 
processors like the NVIDIA Tesla V100 GPU, and Google TPU where the 
former is highly suited for deep learning, high performance computations, 
while the latter, for large scale neural network training and inference. 

There is also specific software framework that serves as support to each 
platform in order to achieve the best result. Intel Loihi utilizes Nx SDK to set 
up and fine-tune spiking neural networks, and that IBM TrueNorth utilizes 
Compass to map neuromorphic tasks to the physical system. For the 
traditional models, TensorFlow and PyTorch are used to implement and 
perform the conventional DL models. This extensive configuration means that 
every platform is tested under the same task scenario, making a comparison 
of performance data appropriate for energy efficiency, response time, and 
capacity for scalability and special task adaptability. However, by 
incorporating these complex tools to the research, the work delivers a 
comprehensive understanding of neuromorphic and traditional architectures. 

 
3.3. Algorithmic Modeling 
The study leverages advanced spiking neural networks (SNNs) based on the 
Leaky Integrate-and-Fire (LIF) model. The dynamics of the neuron membrane 
potential 𝑉𝑉(𝑡𝑡) are described by: 

𝐶𝐶𝑚𝑚
𝑑𝑑𝑑𝑑(𝑡𝑡)

𝑑𝑑𝑑𝑑 = − 𝑉𝑉(𝑡𝑡)
𝑅𝑅𝑚𝑚

+ 𝐼𝐼(𝑡𝑡) + ∑ 𝑤𝑤𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ∙ 𝛿𝛿(𝑡𝑡 − 𝑡𝑡𝑖𝑖)                                                  (1) 

Where 𝐶𝐶𝑚𝑚 is membrane capacitance; 𝑅𝑅𝑚𝑚 is membrane resistance, 𝐼𝐼(𝑡𝑡) is 
external input current; 𝑤𝑤𝑖𝑖 is synaptic weight; 𝛿𝛿(𝑡𝑡 − 𝑡𝑡𝑖𝑖)is dirac delta function 
representing a spike at time 𝑡𝑡𝑖𝑖 (Liu, Cai, et al. 2023). 

A neuron spikes when 𝑉𝑉(𝑡𝑡) ≥ 𝑉𝑉𝑡𝑡ℎ, where 𝑉𝑉𝑡𝑡ℎ is the firing threshold. Upon 
spiking, 𝑉𝑉(𝑡𝑡) is reset to 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟. To model synaptic plasticity, the synaptic weight 
𝑤𝑤𝑖𝑖 evolves according to: 

𝑑𝑑𝑤𝑤𝑖𝑖
𝑑𝑑𝑑𝑑 = 𝜂𝜂 ∙ (∆𝑡𝑡 ∙ 𝑒𝑒𝑒𝑒𝑒𝑒 (− ∆𝑡𝑡

𝜏𝜏 ))                                                          (2) 

Where 𝜂𝜂 is learning rate, ∆𝑡𝑡 is temporal difference between pre- and post-
synaptic spikes; and 𝜏𝜏 is time constant of synaptic decay (Zenke and Neftci 
2021), (Subbulakshmi Radhakrishnan et al. 2021). 

 
3.4. Energy Efficiency Modeling 
To capture the energy dynamics of neuromorphic systems, the following 
integral equation is used: 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∫ (𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑡𝑡))𝑑𝑑𝑑𝑑
𝑇𝑇
0                                            (3) 

Where 𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is total energy consumed; 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is static power consumption; 
𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is dynamic power as a function of time. 

Dynamic power is modeled using: 
𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑡𝑡) = 𝛼𝛼 ∙ 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠 ∙ 𝑉𝑉𝑑𝑑𝑑𝑑2 ∙ 𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠                                           (4) 

Where 𝛼𝛼 activity factor; 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠 is synaptic capacitance; 𝑉𝑉𝑑𝑑𝑑𝑑2  is supply voltage, 
and 𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠 is synaptic firing frequency (Fu et al. 2021), (Huang et al. 2023). 

 
3.5. Latency and Scalability Analysis 
Latency 𝐿𝐿 in spiking neural networks is modeled as: 

𝐿𝐿 = 1
𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

+ 𝜏𝜏𝑠𝑠𝑠𝑠𝑠𝑠 + 𝜏𝜏𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎                                                  (5) 

Where 𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 is neuronal firing rate; 𝜏𝜏𝑠𝑠𝑠𝑠𝑠𝑠 is synaptic transmission delay, 
and  𝜏𝜏𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 is an axonal propagation delay. 
Scalability S is evaluated using: 

𝑠𝑠 = 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 +

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕                                                                   (6) 

Where 𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕 +
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 represent the sensitivities of performance 𝑃𝑃 and latency 𝐿𝐿 

to the number of neurons 𝑁𝑁 in the network (Yang et al. 2022). 
 

3.6. Statistical Analysis 
To model the relationship between scalability and performance metrics, 
multivariate regression is employed: 

𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + 𝛽𝛽3𝑋𝑋3 + 𝜖𝜖                                           (7) 
Where 𝑌𝑌 is dependent variable, such as energy efficiency, latency; 

𝑋𝑋1, 𝑋𝑋2, 𝑋𝑋3 independent variables, such as number of neurons, synapses, firing 
rate; 𝛽𝛽0, 𝛽𝛽1, 𝛽𝛽2, 𝛽𝛽3 regression coefficients; and 𝜖𝜖 means error term. 
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1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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3.2. Hardware and Software Setup 
This research takes advantage of highly sophisticated hardware and software 
tools to analyze and benchmark neuromorphic and conventional computers. 
Neuromorphic hardware in development is Intel Loihi, which has the ability to 
address 130 K neurons and 100 Msynapses, designed for dynamic learning 
and IBM TrueNorth that works 1M neurons and 256 Msynapses, designed for 
low-power neural computation. Nonetheless, they also employ traditional 
processors like the NVIDIA Tesla V100 GPU, and Google TPU where the 
former is highly suited for deep learning, high performance computations, 
while the latter, for large scale neural network training and inference. 

There is also specific software framework that serves as support to each 
platform in order to achieve the best result. Intel Loihi utilizes Nx SDK to set 
up and fine-tune spiking neural networks, and that IBM TrueNorth utilizes 
Compass to map neuromorphic tasks to the physical system. For the 
traditional models, TensorFlow and PyTorch are used to implement and 
perform the conventional DL models. This extensive configuration means that 
every platform is tested under the same task scenario, making a comparison 
of performance data appropriate for energy efficiency, response time, and 
capacity for scalability and special task adaptability. However, by 
incorporating these complex tools to the research, the work delivers a 
comprehensive understanding of neuromorphic and traditional architectures. 

 
3.3. Algorithmic Modeling 
The study leverages advanced spiking neural networks (SNNs) based on the 
Leaky Integrate-and-Fire (LIF) model. The dynamics of the neuron membrane 
potential 𝑉𝑉(𝑡𝑡) are described by: 

𝐶𝐶𝑚𝑚
𝑑𝑑𝑑𝑑(𝑡𝑡)

𝑑𝑑𝑑𝑑 = − 𝑉𝑉(𝑡𝑡)
𝑅𝑅𝑚𝑚

+ 𝐼𝐼(𝑡𝑡) + ∑ 𝑤𝑤𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ∙ 𝛿𝛿(𝑡𝑡 − 𝑡𝑡𝑖𝑖)                                                  (1) 

Where 𝐶𝐶𝑚𝑚 is membrane capacitance; 𝑅𝑅𝑚𝑚 is membrane resistance, 𝐼𝐼(𝑡𝑡) is 
external input current; 𝑤𝑤𝑖𝑖 is synaptic weight; 𝛿𝛿(𝑡𝑡 − 𝑡𝑡𝑖𝑖)is dirac delta function 
representing a spike at time 𝑡𝑡𝑖𝑖 (Liu, Cai, et al. 2023). 

A neuron spikes when 𝑉𝑉(𝑡𝑡) ≥ 𝑉𝑉𝑡𝑡ℎ, where 𝑉𝑉𝑡𝑡ℎ is the firing threshold. Upon 
spiking, 𝑉𝑉(𝑡𝑡) is reset to 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟. To model synaptic plasticity, the synaptic weight 
𝑤𝑤𝑖𝑖 evolves according to: 

𝑑𝑑𝑤𝑤𝑖𝑖
𝑑𝑑𝑑𝑑 = 𝜂𝜂 ∙ (∆𝑡𝑡 ∙ 𝑒𝑒𝑒𝑒𝑒𝑒 (− ∆𝑡𝑡

𝜏𝜏 ))                                                          (2) 

Where 𝜂𝜂 is learning rate, ∆𝑡𝑡 is temporal difference between pre- and post-
synaptic spikes; and 𝜏𝜏 is time constant of synaptic decay (Zenke and Neftci 
2021), (Subbulakshmi Radhakrishnan et al. 2021). 

 
3.4. Energy Efficiency Modeling 
To capture the energy dynamics of neuromorphic systems, the following 
integral equation is used: 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∫ (𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑡𝑡))𝑑𝑑𝑑𝑑
𝑇𝑇
0                                            (3) 

Where 𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is total energy consumed; 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is static power consumption; 
𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is dynamic power as a function of time. 

Dynamic power is modeled using: 
𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑡𝑡) = 𝛼𝛼 ∙ 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠 ∙ 𝑉𝑉𝑑𝑑𝑑𝑑2 ∙ 𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠                                           (4) 

Where 𝛼𝛼 activity factor; 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠 is synaptic capacitance; 𝑉𝑉𝑑𝑑𝑑𝑑2  is supply voltage, 
and 𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠 is synaptic firing frequency (Fu et al. 2021), (Huang et al. 2023). 

 
3.5. Latency and Scalability Analysis 
Latency 𝐿𝐿 in spiking neural networks is modeled as: 

𝐿𝐿 = 1
𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

+ 𝜏𝜏𝑠𝑠𝑠𝑠𝑠𝑠 + 𝜏𝜏𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎                                                  (5) 

Where 𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 is neuronal firing rate; 𝜏𝜏𝑠𝑠𝑠𝑠𝑠𝑠 is synaptic transmission delay, 
and  𝜏𝜏𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 is an axonal propagation delay. 
Scalability S is evaluated using: 

𝑠𝑠 = 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 +

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕                                                                   (6) 

Where 𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕 +
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 represent the sensitivities of performance 𝑃𝑃 and latency 𝐿𝐿 

to the number of neurons 𝑁𝑁 in the network (Yang et al. 2022). 
 

3.6. Statistical Analysis 
To model the relationship between scalability and performance metrics, 
multivariate regression is employed: 

𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + 𝛽𝛽3𝑋𝑋3 + 𝜖𝜖                                           (7) 
Where 𝑌𝑌 is dependent variable, such as energy efficiency, latency; 

𝑋𝑋1, 𝑋𝑋2, 𝑋𝑋3 independent variables, such as number of neurons, synapses, firing 
rate; 𝛽𝛽0, 𝛽𝛽1, 𝛽𝛽2, 𝛽𝛽3 regression coefficients; and 𝜖𝜖 means error term. 
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1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
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banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�
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3.7. Hardware and Software Configuration 
The system components of the experimental setup are Intel’s neuromorphic 
chip, Loihi and IBM’s neuromorphic substrate TrueNorth (Davies et al. 2021; 
Shrestha et al. 2022). Nx SDK and Compass are used as software 
frameworks for the purpose of the task implementation and efficiency (Voelker 
and Eliasmith 2020). 
 
3.8. Experimental Framework 
These tasks include the identification of objects and scenes in images, vehicle 
steering, and the continuous processing of data from various sensors in real-
time. To prevent programming artifacts from obscuring architectural 
differences, the experiments are designed consistently across both 
neuromorphic and traditional platforms: performance variables are calculated 
using the equations mentioned above for precise comparison (Liu, Cai, et al. 
2023; Yang et al. 2022). 

The extensive use of numerous equations and sophisticated modeling in 
this approach ensures a comprehensive evaluation of the benefits of various 
neuromorphic systems, as well as the potential of neuromorphic computing 
to transform AI. 

 
4. Results  
4.1. Energy Efficiency Analysis 
Energy efficiency is one of the most important characteristics that determines 
the suitability of AI hardware both for a particular application and in terms of 
achieving real-time performance. This section provides a benchmark between 
neuromorphic structures namely Intel Loihi and IBM TrueNorth with major AI 
chipset Intel NVIDIA Tesla V100 GPU and Google TPU on aspect of energy 
consumption, power per efficiency, time efficiencies and Throughputs. The 
examined tasks include image recognition and the ability to navigate 
independently, most often found in edge computing and robotics. Other 
measurements, energy per synapse and energy per neuron, reveal another 
aspect of the scalability limitations and efficiency of these systems. 
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In Table 1, some results show that neuromorphic platforms are much more 

energy efficient than ordinary processors. In image recognition, Intel Loihi and 
IBM TrueNorth take 0.00235 Watts per task, while other standard systems 
like NVIDIA Tesla V100 consume 0.075 Watts, which is thirty times more 
power-rated. Likewise, the energy per neuron and synapse for the 
neuromorphic platforms is much lower, implying their appropriateness for 
large scale neural networks. Sensory processing tasks involve low-power 
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critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
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and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�
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chip, Loihi and IBM’s neuromorphic substrate TrueNorth (Davies et al. 2021; 
Shrestha et al. 2022). Nx SDK and Compass are used as software 
frameworks for the purpose of the task implementation and efficiency (Voelker 
and Eliasmith 2020). 
 
3.8. Experimental Framework 
These tasks include the identification of objects and scenes in images, vehicle 
steering, and the continuous processing of data from various sensors in real-
time. To prevent programming artifacts from obscuring architectural 
differences, the experiments are designed consistently across both 
neuromorphic and traditional platforms: performance variables are calculated 
using the equations mentioned above for precise comparison (Liu, Cai, et al. 
2023; Yang et al. 2022). 

The extensive use of numerous equations and sophisticated modeling in 
this approach ensures a comprehensive evaluation of the benefits of various 
neuromorphic systems, as well as the potential of neuromorphic computing 
to transform AI. 

 
4. Results  
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Energy efficiency is one of the most important characteristics that determines 
the suitability of AI hardware both for a particular application and in terms of 
achieving real-time performance. This section provides a benchmark between 
neuromorphic structures namely Intel Loihi and IBM TrueNorth with major AI 
chipset Intel NVIDIA Tesla V100 GPU and Google TPU on aspect of energy 
consumption, power per efficiency, time efficiencies and Throughputs. The 
examined tasks include image recognition and the ability to navigate 
independently, most often found in edge computing and robotics. Other 
measurements, energy per synapse and energy per neuron, reveal another 
aspect of the scalability limitations and efficiency of these systems. 
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utilization of open data in open banking, solutions have been proposed to manage 
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
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believability The extent to which the data is believable�
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usage, and for the IBM TrueNorth, the EIE is at 0.96, suitable for real-time 
applications. 

These results underscore the appropriateness of neuromorphic platforms 
in energy-sensitive use-cases such as robotics, edge computing, and the 
Internet of Things. The future implementations can be aimed at using more of 
them in dynamic condition that requires quick decision making. Cohesion to 
renewable energy resources or optimization in various combined AI systems 
can improve their usability. 

 
4.2. Latency Analysis 
A major design factor which might affect general AI systems is latency 
especially in systems that need minimal delay such as the autonomous 
navigation systems or the sensory recognition. This section evaluates the 
response time of neuromorphic and base platforms, using the latency period 
of input to the platform, and time the platform takes to initiate the 
corresponding response. To improve the accuracy and allow a broader 
comparison of the obtained results, measures of task size, synaptic load, as 
well as percentage of correct responses are added. 
 

Table 2. Latency and Performance Metrics Across Platforms 
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The tests of latency (Table 2) demonstrate that there is considerable 

disparity in the effectiveness of various platforms. Among all neuromorphic 
systems, we identified that IBM TrueNorth has the minimum latency for all the 
tasks. For example, in sensory processing IBM TrueNorth has a latency of 
0.8 ms with a synaptic load of 200 million connections which gives synapse 
processing rate of 250 connections/ms. Different traditional platforms, NVIDIA 
Tesla V100 in specific is significantly higher averaging latencies at 2.6 ms for 
the similar tasks and synapse processing of 3.85 connections/ms only. 

The efficiency index, which has incorporated response accuracy, response 
latency and computation speed, underscore the benefits of neuromorphic 
systems. IBM TrueNorth is at or above 0.94 while traditional platforms are 
below 0.75. These figures emphasize the applicability of neuromorphic 
platforms for real-time applications including but not limited to navigation and 
sensory data processing. 

Due to their ultra-low latency and Synapse processing rates, 
neuromorphic platforms are quite suitable for robots, autonomous systems 
and edge computing. The talent for dealing with great synaptic loads makes 
them a promising tool in the fields when response time is critical, and 
accuracy is paramount. Future work can address how to design chips for 
those use cases that require real-time feedback but can also employ more 
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sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;
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to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)
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Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�
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terms of their source�
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usage, and for the IBM TrueNorth, the EIE is at 0.96, suitable for real-time 
applications. 

These results underscore the appropriateness of neuromorphic platforms 
in energy-sensitive use-cases such as robotics, edge computing, and the 
Internet of Things. The future implementations can be aimed at using more of 
them in dynamic condition that requires quick decision making. Cohesion to 
renewable energy resources or optimization in various combined AI systems 
can improve their usability. 

 
4.2. Latency Analysis 
A major design factor which might affect general AI systems is latency 
especially in systems that need minimal delay such as the autonomous 
navigation systems or the sensory recognition. This section evaluates the 
response time of neuromorphic and base platforms, using the latency period 
of input to the platform, and time the platform takes to initiate the 
corresponding response. To improve the accuracy and allow a broader 
comparison of the obtained results, measures of task size, synaptic load, as 
well as percentage of correct responses are added. 
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disparity in the effectiveness of various platforms. Among all neuromorphic 
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1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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common-purpose computing. Furthermore, if neuromorphic platforms are 
further scaled to form even larger networks, applications of these platforms 
could be expanded even more. 

 
4.3. Scalability Metrics 
One of design criteria in determining the appropriateness of computing 
platforms in supporting large-scale neural networks is scalability. This section 
focuses on how the various platforms scale up as a measure of their 
competence and compatibility of growing networks in terms of neurons and 
synapses. This feature includes measures of performance degradation, 
power consumption and latency at condition of higher loads. 

The scalability metrics show the extent to which such neuromorphic 
platforms outperform conventional systems. IBM TrueNorth demonstrates 
what was the best so far as it can provide 1 million neurons and 256million 
synapses, with the loss of only 3% performance; and this consumes as low 
as 0.0045 Watt. A high scalability index of 0.97 showed the fine ability of the 
hardware to manage complex neural networks. Combing it with NVIDIA Tesla 
V100, a traditional processor, that has a much higher performance drop of 
12% when accommodating only 12000 neurons and 12M synapses 
suggesting a weakness in supporting large networks. 

Energy efficiency also reemphasizes the scalability of neuromorphic 
systems. IBM TrueNorth is over eleven orders of magnitude better than 
conventional technologies such as NVIDIA Tesla V100 at one thousand 
neurons per watt with 222 million neurons per watt and fifty-six point eight-
nine billion synapses per watt. Although Intel Loihi has far lower scalability 
than TrueNorth, it still offers high efficiency, making 21.6 million neurons per 
watt possible. 
 

 
Figure 2. Detailed Scalability and Performance Metrics Across Platforms 

 

Latency correlates well with the scalability results, which are 1.2 ms for the 
IBM TrueNorth at maximum network sizes compared to 3.0 ms for the NVIDIA 
Tesla V100. Compared to the Tesla V100, which is designed for AI 
computation, the Google TPU, despite being an order of magnitude more 
scalable, cannot surpass neuromorphic systems in terms of both efficiency 
and latency. 

The development of large-scale neuromorphic platforms aims to make 
neural network models relevant and promising for use in large-scale 
simulations in the fields of neuroscience, robotic systems, and real-time IoT 
processing. Due to their efficiency with a vast number of interconnected 
nodes and low performance and energy overhead, these platforms are critical 
for edge computing and high-density AI networks. 

As scalability issues can be addressed through improved network 
structures and efficient hardware designs in the future, future work could 
focus on these aspects. Extending the use of neuromorphic platforms with 
more conventional computational platforms may enhance their utility, 
particularly within multitask systems where both large-scale computations 
and dynamic, adaptable characteristics can be exploited. 

 

4.4. Task-Specific Performance 
Routine performance emphasizes how neuromorphic and traditional 
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common-purpose computing. Furthermore, if neuromorphic platforms are 
further scaled to form even larger networks, applications of these platforms 
could be expanded even more. 

 
4.3. Scalability Metrics 
One of design criteria in determining the appropriateness of computing 
platforms in supporting large-scale neural networks is scalability. This section 
focuses on how the various platforms scale up as a measure of their 
competence and compatibility of growing networks in terms of neurons and 
synapses. This feature includes measures of performance degradation, 
power consumption and latency at condition of higher loads. 

The scalability metrics show the extent to which such neuromorphic 
platforms outperform conventional systems. IBM TrueNorth demonstrates 
what was the best so far as it can provide 1 million neurons and 256million 
synapses, with the loss of only 3% performance; and this consumes as low 
as 0.0045 Watt. A high scalability index of 0.97 showed the fine ability of the 
hardware to manage complex neural networks. Combing it with NVIDIA Tesla 
V100, a traditional processor, that has a much higher performance drop of 
12% when accommodating only 12000 neurons and 12M synapses 
suggesting a weakness in supporting large networks. 

Energy efficiency also reemphasizes the scalability of neuromorphic 
systems. IBM TrueNorth is over eleven orders of magnitude better than 
conventional technologies such as NVIDIA Tesla V100 at one thousand 
neurons per watt with 222 million neurons per watt and fifty-six point eight-
nine billion synapses per watt. Although Intel Loihi has far lower scalability 
than TrueNorth, it still offers high efficiency, making 21.6 million neurons per 
watt possible. 
 

 
Figure 2. Detailed Scalability and Performance Metrics Across Platforms 

 

Latency correlates well with the scalability results, which are 1.2 ms for the 
IBM TrueNorth at maximum network sizes compared to 3.0 ms for the NVIDIA 
Tesla V100. Compared to the Tesla V100, which is designed for AI 
computation, the Google TPU, despite being an order of magnitude more 
scalable, cannot surpass neuromorphic systems in terms of both efficiency 
and latency. 

The development of large-scale neuromorphic platforms aims to make 
neural network models relevant and promising for use in large-scale 
simulations in the fields of neuroscience, robotic systems, and real-time IoT 
processing. Due to their efficiency with a vast number of interconnected 
nodes and low performance and energy overhead, these platforms are critical 
for edge computing and high-density AI networks. 

As scalability issues can be addressed through improved network 
structures and efficient hardware designs in the future, future work could 
focus on these aspects. Extending the use of neuromorphic platforms with 
more conventional computational platforms may enhance their utility, 
particularly within multitask systems where both large-scale computations 
and dynamic, adaptable characteristics can be exploited. 

 

4.4. Task-Specific Performance 
Routine performance emphasizes how neuromorphic and traditional 
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platforms perform general tasks such as image recognition and autonomous 
navigation. In this section, an evaluation of the tested platforms is presented 
based on their accuracy, processing time, energy consumption, synaptic 
demand, and time delay. The first set provides information about the ad hoc 
nature of each setting with respect to real-time use and the second gives the 
degree of precision that can be achieved in each case. 
 

Table 3. Detailed Task-Specific Performance Metrics 
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The data on the task-specific performance analysis presented in Table 3 

proves that neuromorphic platforms are more effective for image recognition 
and autonomous navigation. The comparative analysis of all the five tested 
platforms shows that IBM TrueNorth provides the highest value of task 
accuracy equal to 0.988 for image recognition task solved with less time equal 
to 50 ms and minimal value of energy efficiency metric equal to 0.0033 
Watts/Task. As opposed to this, old-fashioned platforms such as NVIDIA Tesla 
V100 and Google TPU enjoy a comparatively weaker accuracy rate and a 
tremendous amount of energy requirement with processing times more than 

double of the proposed one. 
This explains why the latency feature is critical in all real-time applications. 

Sharp trueNorth results in average latency of 0.9 ms for image identification 
and 1.0 ms for navigation, while conventional systems take between 2.3 ms 
and 2.8 ms. A similar success is demonstrated in Intel Loihi with the 
corresponding latencies 1.1ms and 1.3ms for the tasks mentioned. 

The neuron and synapse utilization efficiencies specify the benefits of the 
neuromorphic system’s scalability. For each task, IBM TrueNorth works 2500 
neurons and 256 million synapses, while NVIDIA Tesla auxiliary graphic 
system works only 300 neurons and 12 synapses. 

These outcomes also highlight neuromorphic platforms as the platform of 
choice for precision, low power, and real-time responsibilities including 
robotics, self-driving cars, and edge computing. The extra development shall 
be directed towards the enhancement of other algorithms targeted for the 
neuromorphic architectures in order to make better use of the benefits. 
Integration of neuromorphic architecture with conventional microprocessors 
may offer both general-purpose compatibility and task-oriented optimization 
for a range of AI applications. Further, expanding their usage for more intricate 
tasks with increased synaptic requirements as well as incorporating them into 
current AI frameworks might benefit from them most. 

 
4.5. Advanced Statistical Analysis 
Involvement of statistical validation is significant to this research, as it 
facilitates analysis on how, and to what extent, system performance metrics 
are affected by architectural parameters. The results were thus cross-
tabulated, and the metric of interest namely energy efficiency, latency and 
scalability analyzed using descriptive statistics and inferential analysis 
including ANOVA. These analyses examine the distribution, dispersion, and 
magnitude of the differences between the platforms. 
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platforms perform general tasks such as image recognition and autonomous 
navigation. In this section, an evaluation of the tested platforms is presented 
based on their accuracy, processing time, energy consumption, synaptic 
demand, and time delay. The first set provides information about the ad hoc 
nature of each setting with respect to real-time use and the second gives the 
degree of precision that can be achieved in each case. 
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The data on the task-specific performance analysis presented in Table 3 

proves that neuromorphic platforms are more effective for image recognition 
and autonomous navigation. The comparative analysis of all the five tested 
platforms shows that IBM TrueNorth provides the highest value of task 
accuracy equal to 0.988 for image recognition task solved with less time equal 
to 50 ms and minimal value of energy efficiency metric equal to 0.0033 
Watts/Task. As opposed to this, old-fashioned platforms such as NVIDIA Tesla 
V100 and Google TPU enjoy a comparatively weaker accuracy rate and a 
tremendous amount of energy requirement with processing times more than 

double of the proposed one. 
This explains why the latency feature is critical in all real-time applications. 

Sharp trueNorth results in average latency of 0.9 ms for image identification 
and 1.0 ms for navigation, while conventional systems take between 2.3 ms 
and 2.8 ms. A similar success is demonstrated in Intel Loihi with the 
corresponding latencies 1.1ms and 1.3ms for the tasks mentioned. 

The neuron and synapse utilization efficiencies specify the benefits of the 
neuromorphic system’s scalability. For each task, IBM TrueNorth works 2500 
neurons and 256 million synapses, while NVIDIA Tesla auxiliary graphic 
system works only 300 neurons and 12 synapses. 
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Integration of neuromorphic architecture with conventional microprocessors 
may offer both general-purpose compatibility and task-oriented optimization 
for a range of AI applications. Further, expanding their usage for more intricate 
tasks with increased synaptic requirements as well as incorporating them into 
current AI frameworks might benefit from them most. 

 
4.5. Advanced Statistical Analysis 
Involvement of statistical validation is significant to this research, as it 
facilitates analysis on how, and to what extent, system performance metrics 
are affected by architectural parameters. The results were thus cross-
tabulated, and the metric of interest namely energy efficiency, latency and 
scalability analyzed using descriptive statistics and inferential analysis 
including ANOVA. These analyses examine the distribution, dispersion, and 
magnitude of the differences between the platforms. 
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utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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The statistical analysis in Table 4 also shows marked contrast in the values 
of the chosen performance indicators on different platforms. Energy efficiency 
has been computed with a mean of 0.037 Watts/Task and a small variance 
score of 0.0006 which suggest that energy efficiency is uniform across the 
neuromorphic platforms. Yet the coefficient of variation (CV) of Energy 
Efficiency is 64.86% which indicates moderate variation from architecture of 
platforms. Positive skewness (0.85) indicates that most platforms’ energy 
efficiencies are slightly lower-than-average, with a few firms achieving best-
practice energy efficiency ratings. 

Partner latency analysis shows; mean of 1.94 ms with an SD of 0.78 
therefore it can be deduced that most of the platforms fall within an acceptable 
range of latencies. Energy efficiency has a CV for 43.69 while that of latency 
is 40.21 meaning that there is less variation in latency all through different 
platforms. The Ia 90 confidence interval of [1.62, 2.26] supports the decision 
as most platforms provide latency of less than 3 ms required for real time 
applications. 

Of the four metrics, the scalability has the most variability with a mean of 
299,750 neurons and the standard deviation of 456,250. The value of 
152.29% demonstrates that the CV of scalability capabilities for neuromorphic 
and traditional platforms differ quite sharply. Skewness greater than zero 
(1.20) supports the concept that a few of the neuromorphic platforms like IBM 
TrueNorth has very high scalability in comparison with the others. 

The associated p-values (<0.01) for all the metrics further affirm that there 
is a statistically significant difference between platforms to justify the influence 
of architectural features on performance. 

4.6. Resource Utilization Analysis 
The utilization of resources is a necessity when determining the feasibility and 
productivity of AI especially for application that require considerable 
computations. To determine the performance of neuromorphic and 
conventional architectures, this section derives percent usage of memory, 
processing ones or cores, synapses in each DNN model to discover idle time 
and provide an indication of how each was used efficiently. To get an overall 
view of the capabilities of the platforms, the Efficiency Index developed as a 
composite measure of the resource use efficiency and output utilization is 
also calculated. 
 

 
Figure 3. Advanced Resource Utilization Metrics Across Platforms 

 
Such analysis of resource usage leads to the conclusion regarding the 
benefits of using neuromorphic platforms especially IBM TrueNorth, which, 
Figure 3 shows, has the highest calculated Efficiency Index of 0.95. This 
implicates nearly optimal configuration of computational load where 
percentages of memory, core, and synapse were at 89%, 85%, and 96% 
respectively. This could be attributed to efficient distribution of tasks among 
employees as well as good time in resource planning since its idle time is 
small (4%). 

Intel Loihi also performs well, with an Efficiency Index of 0.91 and high 
utilization across all resource categories. Its memory/core ratio of 1.09 and 
synapse/core ratio of 1.18 further highlight its ability to balance resource 
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The statistical analysis in Table 4 also shows marked contrast in the values 
of the chosen performance indicators on different platforms. Energy efficiency 
has been computed with a mean of 0.037 Watts/Task and a small variance 
score of 0.0006 which suggest that energy efficiency is uniform across the 
neuromorphic platforms. Yet the coefficient of variation (CV) of Energy 
Efficiency is 64.86% which indicates moderate variation from architecture of 
platforms. Positive skewness (0.85) indicates that most platforms’ energy 
efficiencies are slightly lower-than-average, with a few firms achieving best-
practice energy efficiency ratings. 

Partner latency analysis shows; mean of 1.94 ms with an SD of 0.78 
therefore it can be deduced that most of the platforms fall within an acceptable 
range of latencies. Energy efficiency has a CV for 43.69 while that of latency 
is 40.21 meaning that there is less variation in latency all through different 
platforms. The Ia 90 confidence interval of [1.62, 2.26] supports the decision 
as most platforms provide latency of less than 3 ms required for real time 
applications. 

Of the four metrics, the scalability has the most variability with a mean of 
299,750 neurons and the standard deviation of 456,250. The value of 
152.29% demonstrates that the CV of scalability capabilities for neuromorphic 
and traditional platforms differ quite sharply. Skewness greater than zero 
(1.20) supports the concept that a few of the neuromorphic platforms like IBM 
TrueNorth has very high scalability in comparison with the others. 

The associated p-values (<0.01) for all the metrics further affirm that there 
is a statistically significant difference between platforms to justify the influence 
of architectural features on performance. 

4.6. Resource Utilization Analysis 
The utilization of resources is a necessity when determining the feasibility and 
productivity of AI especially for application that require considerable 
computations. To determine the performance of neuromorphic and 
conventional architectures, this section derives percent usage of memory, 
processing ones or cores, synapses in each DNN model to discover idle time 
and provide an indication of how each was used efficiently. To get an overall 
view of the capabilities of the platforms, the Efficiency Index developed as a 
composite measure of the resource use efficiency and output utilization is 
also calculated. 
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Such analysis of resource usage leads to the conclusion regarding the 
benefits of using neuromorphic platforms especially IBM TrueNorth, which, 
Figure 3 shows, has the highest calculated Efficiency Index of 0.95. This 
implicates nearly optimal configuration of computational load where 
percentages of memory, core, and synapse were at 89%, 85%, and 96% 
respectively. This could be attributed to efficient distribution of tasks among 
employees as well as good time in resource planning since its idle time is 
small (4%). 

Intel Loihi also performs well, with an Efficiency Index of 0.91 and high 
utilization across all resource categories. Its memory/core ratio of 1.09 and 
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demands effectively under varying loads. 
However, platforms such as the NVIDIA Tesla V100 and Google TPU are 

older generation platforms having Efficiency Index of 0.75 and 0.8, 
respectively. According to the data, NVIDIA Tesla V100 has the highest idle 
time (12%) and overhead consumption of time (10%) for computations which 
were not efficient for the job. As it has been shown, Google TPU provides 
better performance compared to NVIDIA Tesla V100 but is still lagging behind 
neuromorphic platforms. 

In terms of efficiency, neuromorphic platforms remain effective when 
applied to high computational loads, with IBM TrueNorth even increasing the 
efficiency of synapse application slightly (up to 97%) and Intel Loihi remaining 
at the same level. Traditional platforms, on the other hand, degrade when the 
loads go up and this gives higher idle time with larger computation overhead. 

 
4.7. Application-Specific Evaluation 
This study evaluates the performance of neuromorphic and traditional 
platforms across three key application scenarios: AI, Robotics, IoT and 
Healthcare. Each platform’s performance for certain tasks can be measured 
by task accuracy, latency, energy consumption, scalability and Suitability 
Index which is the sum of all these metrics. 
 

Table 5. Detailed Application-Specific Performance Metrics 
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Robotics 
Intel Loihi 95.2 1.3 0.0052 120,000 0.92 

23.08 
million 

73.23 90.5 

IBM 
TrueNorth 

96.1 1.0 0.0035 1 million 0.95 
285.71 
million 

96.10 94.3 

IoT 
Intel Loihi 94.5 1.2 0.0049 100,000 0.90 

20.41 
million 

78.75 89.8 

IBM 
TrueNorth 

95.0 1.0 0.0033 800,000 0.93 
242.42 
million 

95.00 91.2 

Healthcare 

NVIDIA 
Tesla 
V100 

89.8 3.2 0.078 12,000 0.65 153,846 28.06 76.5 

Google 
TPU 

92.5 2.8 0.062 55,000 0.78 887,097 33.04 82.1 

Based on the analysis shown in Table 5, it is possible to note that 
neuromorphic platforms such as IBM TrueNorth efficiently suit latency-aware 
applications including robotics and the IoT. IBM TrueNorth robotics has 
massive suitability index of 0.95 with task accuracy of 96.1%, a latency of 1.0 
ms and incredibly high energy efficiency of 285.71 million neurons per watt. 
Intel Loihi also good, but with lower metrics, but still scalable and has low 
latency compared to other processors. 

In IoT applications where real time processing and low power consumption 
are important again the IBM TrueNorth takes the lead with Accuracy to 
Latency ratio of 95.00 and high-performance stability of 91.2% when tested 
under different conditions. Intel Loihi presents comparable outcomes: at 
78.75 Accuracy-to-Latency Ratio and 100,000 neurons Scalability, it remains 
a feasible solution for micro-Internet of Things networks. 

NVIDIA Tesla V100 and Google TPU, as traditional platforms, are more 
suitable for healthcare applications where accuracy is important but low 
latency is not a critical matter much. TPU of Google has a SI of 0.78 than 
NVIDIA Tesla V100(0.65) by standards of energy efficiency and scalability. 
However, both fail to offer low latency in task execution compared to that 
offered by neuromorphic platforms. 

 

4.8. Comparative Analysis of Architectural Trade-offs 
This study comparatively investigates neuromorphic and conventional 
architectures by comparing energy consumption, response time, flexibility of 
scaling up and down, flexibility of applying to versatile tasks, and learning 
enhancement capability. Such comparisons explain specific aspects of the 
architecture type, its benefits, and potential drawbacks that should help to 
determine its applicability to a specific task. 
 

Table 6. Comprehensive Comparative Analysis of Neuromorphic and 
Traditional Architectures 

Metric 
Neuromorphic 

Systems 
Traditional 
Systems 

Trade-off 
Summary 

Quantitative 
Benchmark 

Energy 
Efficiency 

Very High Moderate 
Neuromorphic 

systems consume 
~90% less energy. 

Neuromorphic: 
~0.0045 W/task, 

Traditional: ~0.075 
W/task 

Latency Very Low Moderate 

Neuromorphic 
systems show 

~2.5x lower 
latency. 

Neuromorphic: ~1.0 
ms, Traditional: 

~2.5 ms 
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However, platforms such as the NVIDIA Tesla V100 and Google TPU are 

older generation platforms having Efficiency Index of 0.75 and 0.8, 
respectively. According to the data, NVIDIA Tesla V100 has the highest idle 
time (12%) and overhead consumption of time (10%) for computations which 
were not efficient for the job. As it has been shown, Google TPU provides 
better performance compared to NVIDIA Tesla V100 but is still lagging behind 
neuromorphic platforms. 

In terms of efficiency, neuromorphic platforms remain effective when 
applied to high computational loads, with IBM TrueNorth even increasing the 
efficiency of synapse application slightly (up to 97%) and Intel Loihi remaining 
at the same level. Traditional platforms, on the other hand, degrade when the 
loads go up and this gives higher idle time with larger computation overhead. 

 
4.7. Application-Specific Evaluation 
This study evaluates the performance of neuromorphic and traditional 
platforms across three key application scenarios: AI, Robotics, IoT and 
Healthcare. Each platform’s performance for certain tasks can be measured 
by task accuracy, latency, energy consumption, scalability and Suitability 
Index which is the sum of all these metrics. 
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Robotics 
Intel Loihi 95.2 1.3 0.0052 120,000 0.92 

23.08 
million 

73.23 90.5 

IBM 
TrueNorth 

96.1 1.0 0.0035 1 million 0.95 
285.71 
million 

96.10 94.3 

IoT 
Intel Loihi 94.5 1.2 0.0049 100,000 0.90 

20.41 
million 

78.75 89.8 

IBM 
TrueNorth 

95.0 1.0 0.0033 800,000 0.93 
242.42 
million 

95.00 91.2 

Healthcare 

NVIDIA 
Tesla 
V100 

89.8 3.2 0.078 12,000 0.65 153,846 28.06 76.5 

Google 
TPU 

92.5 2.8 0.062 55,000 0.78 887,097 33.04 82.1 

Based on the analysis shown in Table 5, it is possible to note that 
neuromorphic platforms such as IBM TrueNorth efficiently suit latency-aware 
applications including robotics and the IoT. IBM TrueNorth robotics has 
massive suitability index of 0.95 with task accuracy of 96.1%, a latency of 1.0 
ms and incredibly high energy efficiency of 285.71 million neurons per watt. 
Intel Loihi also good, but with lower metrics, but still scalable and has low 
latency compared to other processors. 

In IoT applications where real time processing and low power consumption 
are important again the IBM TrueNorth takes the lead with Accuracy to 
Latency ratio of 95.00 and high-performance stability of 91.2% when tested 
under different conditions. Intel Loihi presents comparable outcomes: at 
78.75 Accuracy-to-Latency Ratio and 100,000 neurons Scalability, it remains 
a feasible solution for micro-Internet of Things networks. 

NVIDIA Tesla V100 and Google TPU, as traditional platforms, are more 
suitable for healthcare applications where accuracy is important but low 
latency is not a critical matter much. TPU of Google has a SI of 0.78 than 
NVIDIA Tesla V100(0.65) by standards of energy efficiency and scalability. 
However, both fail to offer low latency in task execution compared to that 
offered by neuromorphic platforms. 

 

4.8. Comparative Analysis of Architectural Trade-offs 
This study comparatively investigates neuromorphic and conventional 
architectures by comparing energy consumption, response time, flexibility of 
scaling up and down, flexibility of applying to versatile tasks, and learning 
enhancement capability. Such comparisons explain specific aspects of the 
architecture type, its benefits, and potential drawbacks that should help to 
determine its applicability to a specific task. 
 

Table 6. Comprehensive Comparative Analysis of Neuromorphic and 
Traditional Architectures 

Metric 
Neuromorphic 

Systems 
Traditional 
Systems 

Trade-off 
Summary 

Quantitative 
Benchmark 

Energy 
Efficiency 

Very High Moderate 
Neuromorphic 

systems consume 
~90% less energy. 

Neuromorphic: 
~0.0045 W/task, 

Traditional: ~0.075 
W/task 

Latency Very Low Moderate 

Neuromorphic 
systems show 

~2.5x lower 
latency. 

Neuromorphic: ~1.0 
ms, Traditional: 

~2.5 ms 
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1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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Metric 
Neuromorphic 

Systems 
Traditional 
Systems 

Trade-off 
Summary 

Quantitative 
Benchmark 

Scalability Excellent Limited 

Neuromorphic 
systems handle 

~20x more 
neurons. 

Neuromorphic: 1M 
neurons, 

Traditional: 50,000 
neurons 

General-
Purpose 

Tasks 
Moderate Excellent 

Traditional 
systems excel in 

flexibility for 
diverse 

computational 
tasks. 

Traditional: Broad 
AI compatibility, 
Neuromorphic: 
Task-specific 
optimization 

Learning 
Adaptability 

High Moderate 

Neuromorphic 
systems benefit 

from Spiking 
Neural Networks 

(SNNs). 

Neuromorphic: 
Real-time learning, 
Traditional: Batch 

learning 

 
The comparative analysis in Table 6 emphasizes differences in terms of 

energy consumption, latency, and scalability of neuromorphic systems 
against conventional systems. Neuromorphic platforms reported are 
observed to use 90% less energy per task than existing systems, for instance, 
IBM TrueNorth consumes 0.0045 Watts per task while NVIDIA Tesla V100 
consumes 0.075 Watts per task. This makes neuromorphic systems a system 
of choice for energy-sensitive tasks like edge computing and IoT. 

When considering latency, neuromorphic architectures take slightly longer 
time of 1.0 ms while traditional platforms take a longer time of 2.5 ms. This, 
in the low latency, puts neuromorphic systems in a spot best suited for real 
time applications such as robotics and autonomous vehicles. Scalability 
highlights the advantage of neuromorphic systems that can handle up to 1 
million neurons compared to only 50 thousand which conventional 
architectures can handle. 

Nevertheless, traditional systems often outperform customised 
architectures in generic tasks resulting from compatibility with a wider range 
of AI frameworks and batch processing. Neuromorphic systems, as highly 
efficient for particular application types, adapt to task-specific workloads only. 
Education adaptability also benefits neuromorphic platforms because of the 
real-time learning of Spiking Neural Networks (SNNs). 

The trade-offs derived in this analysis point out explicit directions for the 

system enhancement and its usage in various applications. Neuromorphic 
systems should be targeted for applications or services that require low 
energy and operate at low latency such as real-time IoT, robotics, and edge 
AI services. Nevertheless, basic structures and architectures are still 
mandatory for specific general-purpose applications with significant flexibility 
computing needs, including data processing and machine learning algorithm 
learning. 

Future studies need to look at combined hybrid frameworks that bring out 
the energy efficiency and low latency aspect of neuromorphic architectures 
and at the same time accommodate the flexibility of traditional architectures. 
Moreover, enhancing neuromorphic learning algorithms to help encompass 
diverse AI frameworks may also weaken their shortcomings in general 
learning applications while expanding their usages in various business 
sectors. Integrating of these architectures with the concepts of cloud and 
quantum computing might open new opportunities for developing large-scale 
high-efficiency AI systems. 

 
4.9. Cross-Domain Integration Potential 
This article reviews the interface complexities between neuromorphic and 
conventional computing systems, as well as emerging technologies such as 
quantum computing, 5G, and IoT. It evaluates integration complexity, platform 
readiness, and relevance to understand the strategic opportunities presented 
by neuromorphic architectures in a rapidly advancing technological 
environment. 
 

Table 7. Comprehensive Integration Potential with Emerging Technologies 
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 Computing 

High Moderate Low High +0.5 +0.001 +10% 

5G Moderate High Moderate High -1.2 -0.002 +50% 

IoT Low High Moderate 
Very 
High 

-1.5 -0.004 +100% 
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Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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Metric 
Neuromorphic 

Systems 
Traditional 
Systems 

Trade-off 
Summary 

Quantitative 
Benchmark 

Scalability Excellent Limited 

Neuromorphic 
systems handle 

~20x more 
neurons. 

Neuromorphic: 1M 
neurons, 

Traditional: 50,000 
neurons 

General-
Purpose 

Tasks 
Moderate Excellent 

Traditional 
systems excel in 

flexibility for 
diverse 

computational 
tasks. 

Traditional: Broad 
AI compatibility, 
Neuromorphic: 
Task-specific 
optimization 

Learning 
Adaptability 

High Moderate 

Neuromorphic 
systems benefit 

from Spiking 
Neural Networks 

(SNNs). 

Neuromorphic: 
Real-time learning, 
Traditional: Batch 

learning 

 
The comparative analysis in Table 6 emphasizes differences in terms of 

energy consumption, latency, and scalability of neuromorphic systems 
against conventional systems. Neuromorphic platforms reported are 
observed to use 90% less energy per task than existing systems, for instance, 
IBM TrueNorth consumes 0.0045 Watts per task while NVIDIA Tesla V100 
consumes 0.075 Watts per task. This makes neuromorphic systems a system 
of choice for energy-sensitive tasks like edge computing and IoT. 

When considering latency, neuromorphic architectures take slightly longer 
time of 1.0 ms while traditional platforms take a longer time of 2.5 ms. This, 
in the low latency, puts neuromorphic systems in a spot best suited for real 
time applications such as robotics and autonomous vehicles. Scalability 
highlights the advantage of neuromorphic systems that can handle up to 1 
million neurons compared to only 50 thousand which conventional 
architectures can handle. 

Nevertheless, traditional systems often outperform customised 
architectures in generic tasks resulting from compatibility with a wider range 
of AI frameworks and batch processing. Neuromorphic systems, as highly 
efficient for particular application types, adapt to task-specific workloads only. 
Education adaptability also benefits neuromorphic platforms because of the 
real-time learning of Spiking Neural Networks (SNNs). 

The trade-offs derived in this analysis point out explicit directions for the 

system enhancement and its usage in various applications. Neuromorphic 
systems should be targeted for applications or services that require low 
energy and operate at low latency such as real-time IoT, robotics, and edge 
AI services. Nevertheless, basic structures and architectures are still 
mandatory for specific general-purpose applications with significant flexibility 
computing needs, including data processing and machine learning algorithm 
learning. 

Future studies need to look at combined hybrid frameworks that bring out 
the energy efficiency and low latency aspect of neuromorphic architectures 
and at the same time accommodate the flexibility of traditional architectures. 
Moreover, enhancing neuromorphic learning algorithms to help encompass 
diverse AI frameworks may also weaken their shortcomings in general 
learning applications while expanding their usages in various business 
sectors. Integrating of these architectures with the concepts of cloud and 
quantum computing might open new opportunities for developing large-scale 
high-efficiency AI systems. 

 
4.9. Cross-Domain Integration Potential 
This article reviews the interface complexities between neuromorphic and 
conventional computing systems, as well as emerging technologies such as 
quantum computing, 5G, and IoT. It evaluates integration complexity, platform 
readiness, and relevance to understand the strategic opportunities presented 
by neuromorphic architectures in a rapidly advancing technological 
environment. 
 

Table 7. Comprehensive Integration Potential with Emerging Technologies 
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1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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The integration analysis shows that neuromorphic systems have a higher 

level of preparedness in terms of the emerging technologies in the 5G and 
IoT field. Neuromorphic platforms are very suitable for utilizing with 5G 
networks since they allow operating with low latency and energy efficient 
event-based architectures. The latency reduction of 1.2 ms and energy 
savings of 0.002 Watts make them useful for applications that require real-
time analysis, including self-driving cars and edge computing. 

Compared to the IoT ecosystems neuromorphic platforms have the 
highest gains being 1.5ms latency, 0.004-Watt energy consumption and 
100% scalability. These features fully reflect the requests of IoT networks 
where billions of sensors produce a high data stream, and its processing 
should be performed as fast as possible with minimal power consumption. 
However, such systems are traditional and, though effective, cannot perform 
well in these criteria primarily because of higher energy consumption and the 
impossibility of expansion. 

Quantum computing is identified as a greater challenge in the integration 
of both platform types. Neuromorphic systems show that probabilistic and 
event-driven processing is ready to some extent but there still must be 
improvements in the hardware and FW to make it fully compatible. The 
traditional systems, however, have low readiness primarily due to 
deterministic architectures that are not ideal for quantum-inspired workflows. 

 

4.10. Advanced Statistical Correlations 
The analyses of statistical relationships between significant indexes of 
platform performance were performed to discover relationships that would be 
useful for enhancing performance. The performance indicators including 
energy, delay, capacity, usage of resources, accuracy of tasks and speed 
were assessed by appraising the correlation matrices and coefficients for 
significance. 
 

Table 8. Statistical Correlation Analysis Between Performance Metrics 

Metric A Metric B 
Correlation 
Coefficient 

(r) 

Significance 
(p-value) 

Direction of 
Relationship 

Strength of 
Relationship 

Energy 
Efficiency 

Latency -0.85 < 0.01 Negative Strong 

Scalability Resource 0.91 < 0.01 Positive Very Strong 

Metric A Metric B 
Correlation 
Coefficient 

(r) 

Significance 
(p-value) 

Direction of 
Relationship 

Strength of 
Relationship 

Utilization 
Task 

Accuracy 
Processing 

Speed 
0.78 < 0.05 Positive Strong 

Energy 
Efficiency 

Scalability 0.88 < 0.01 Positive Strong 

Task 
Accuracy 

Latency -0.65 < 0.05 Negative Moderate 

 
Several strong correlations linking various measures of performance in 

neuromorphic and conventional frameworks are discovered during the 
analysis. The actualization of energy efficiency scored -0,85, p <0.001 for 
latency which is desirable for real time computations such as robots and IoT 
devices. The results indicate that scalability and resource utilization have a 
highly positive correlation; thus, the efficiency of neuromorphic architectures 
in controlling large neural networks is considerable (r = .91, p < .01). 
Moreover, the task accuracy has a significantly positive connection with the 
speed of information processing (0,78; p < 0,05), which provides the further 
substantiation of the feasibility of applying neuromorphic systems in 
performing precision tasks. Further, energy efficiency correlates well with 
scalability (rho = 0.88, p < 0.01) placing neuromorphic platforms as suitable 
for meeting expanded network requirements in terms of energy efficiency. 

 

5. Discussion 
This research identifies several prospects for neuromorphic computing 
platforms, specifically in terms of energy consumption, scalability, and 
latency. Neuromorphic systems are relatively energy-efficient and exhibit low 
latency, making them suitable for real-time applications. One of the key 
features that enhances their suitability is their ability to work with large-scale 
neural networks with minimal performance degradation. These trends align 
with the findings of Rathi, et al. (2022) and Davies, et al. (2021), who 
highlighted the efficiency of spiking neural networks and neuromorphic 
platforms in energy-constrained and real-time applications (Rathi et al. 2023; 
Davies et al. 2021). 

The study also outlines major drawbacks related to organizational 
systems, primarily their extensibility and high-power demands. However, their 
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financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�
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Metric A Metric B 
Correlation 
Coefficient 

(r) 

Significance 
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versatility in general tasks remains benign. These contrasting characteristics 
provide a brief overview of the trade-offs between neuromorphic and 
traditional architectures. 

The observed interactions between performance indices, including the 
inverse-negative dependence between energy efficiency and latency, are 
explained by the event-driven architecture of neuromorphic systems. Unlike 
conventional systems that continuously process data, neuromorphic 
platforms operate only when necessary, resulting in low power consumption 
and downtime. This mechanism corroborates the theories developed by 
Sandamirskaya, et al. (2022), particularly regarding the real-time handling 
capabilities of neuromorphic hardware in robotics. 

Additionally, the positive correlation between scalability and resource 
usage indicates that neuromorphic systems are inherently scalable and 
capable of handling large neural and synaptic datasets. According to Yang, 
et al. (2021), this observation is derived from theoretical work that 
demonstrates how neuromorphic systems adapt resource allocation for 
extensive neural simulations. These findings serve as both justification for the 
results and a theoretical approach to evaluating the strengths of 
neuromorphic architectures. 

Based on the present data and theoretical framework, the study envisions 
several developments and contributions for neuromorphic platforms. Their 
energy efficiency and potential for further expansion make them vital for future 
use in 5G and IoT networks that require low latency and energy consumption. 
Furthermore, their suitability for certain applications opens possibilities for 
advancements in robotics, self-driving cars, and real-time data analysis. 

Nevertheless, the comparative investigation of neuromorphic platforms 
with quantum computing and the use of the same architecture across a wide 
range of AI data processing problems must be addressed. According to 
Hoffmann, et al. (2022), solutions to these challenges call for the design of 
better hardware and algorithms that integrate more seamlessly with modern 
technologies. This study suggests that systems incorporating both 
neuromorphic and conventional computers could provide solutions to these 
gaps by combining the best features of both architectures. 

Regarding theoretical implementation methods, the research points to the 
prospect of developing neuromorphic-quantum systems. Combining the 
energy efficiency of neuromorphic architectures with the probabilistic 

computing capabilities of quantum systems could open new avenues for 
computation. The application of adaptable organic electronics, as stated by 
Keene et al. (2021), could enhance the scalability and flexibility of 
neuromorphic systems, creating new opportunities for theoretical and 
experimental research. 

This discussion provides a theoretical understanding of neuromorphic 
computing by elucidating its strengths and limitations, explaining the 
functioning of these systems, and predicting their future developments. The 
findings not only extend current theories and principles for future research but 
also open new possibilities for creating innovative concepts and integrating 
AI and computing solutions that may become crucial for future development. 

 
6. Conclusion 
This study has significantly contributed to the knowledge of neuromorphic 
computing platforms and evaluated their application in training and involving 
neural networks in contrast to conventional computer platforms. The results 
presented here confirm the universality of neuromorphic systems, particularly 
in specialized areas where real-time response, high power efficiency, and the 
ability to accommodate large networks are desirable. These platforms 
demonstrate clear benefits in terms of increased task efficiency, making them 
relevant to applications such as real-time robotics, Internet of Things (IoT), 
and autonomous navigation. 

The premise of this study is based on the realization that neuromorphic 
architectures utilize event-driven methodologies to reduce energy 
consumption and processing time. This approach enables them to provide 
solutions for latency-critical applications that traditional systems struggle to 
address. Furthermore, the scalability of neuromorphic systems facilitates the 
completion of complex neural networks, underscoring their importance in the 
development of future computing solutions. 

However, this research also highlights certain weaknesses that warrant 
attention. There remain limitations in the flexibility of neuromorphic platforms 
and the potential to integrate them with other revolutionary technologies, such 
as quantum computing. These gaps suggest a broader scope for developing 
new hardware and algorithms to enhance the usage of such systems. The 
findings of this investigation lay the groundwork for overcoming these 
shortcomings, providing insights for subsequent advancements in 
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explained by the event-driven architecture of neuromorphic systems. Unlike 
conventional systems that continuously process data, neuromorphic 
platforms operate only when necessary, resulting in low power consumption 
and downtime. This mechanism corroborates the theories developed by 
Sandamirskaya, et al. (2022), particularly regarding the real-time handling 
capabilities of neuromorphic hardware in robotics. 

Additionally, the positive correlation between scalability and resource 
usage indicates that neuromorphic systems are inherently scalable and 
capable of handling large neural and synaptic datasets. According to Yang, 
et al. (2021), this observation is derived from theoretical work that 
demonstrates how neuromorphic systems adapt resource allocation for 
extensive neural simulations. These findings serve as both justification for the 
results and a theoretical approach to evaluating the strengths of 
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functioning of these systems, and predicting their future developments. The 
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AI and computing solutions that may become crucial for future development. 
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completion of complex neural networks, underscoring their importance in the 
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and the potential to integrate them with other revolutionary technologies, such 
as quantum computing. These gaps suggest a broader scope for developing 
new hardware and algorithms to enhance the usage of such systems. The 
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neuromorphic and hybrid processing systems. 
Based on these results, further research should explore related 

architectures that incorporate features from both neuromorphic systems and 
conventional chip designs. This integration could address adaptability 
challenges while improving overall efficiency and scalability. Additionally, 
interdisciplinary partnerships between quantum computing and the 
development of flexible materials for the hardware layer could facilitate the 
expansion of neuromorphic technologies. Establishing benchmarking 
methods for offshore systems and tasks, and creating a common benchmark 
base for neuromorphic systems, is also crucial. 

In addition to making significant theoretical contributions to the field of 
neuromorphic systems, this research offers practical recommendations for 
their utilization in real-world environments. By understanding the specified 
shortcomings and developing novel concepts for improvement, neuromorphic 
computing can be viewed as a foundation for subsequent generations of 
computational models with enhanced performance across a wide range of 
industries. 
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�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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neuromorphic and hybrid processing systems. 
Based on these results, further research should explore related 

architectures that incorporate features from both neuromorphic systems and 
conventional chip designs. This integration could address adaptability 
challenges while improving overall efficiency and scalability. Additionally, 
interdisciplinary partnerships between quantum computing and the 
development of flexible materials for the hardware layer could facilitate the 
expansion of neuromorphic technologies. Establishing benchmarking 
methods for offshore systems and tasks, and creating a common benchmark 
base for neuromorphic systems, is also crucial. 

In addition to making significant theoretical contributions to the field of 
neuromorphic systems, this research offers practical recommendations for 
their utilization in real-world environments. By understanding the specified 
shortcomings and developing novel concepts for improvement, neuromorphic 
computing can be viewed as a foundation for subsequent generations of 
computational models with enhanced performance across a wide range of 
industries. 
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1. Introduction

Due to the rapidly evolving information and digital technologies, the world is moving 
towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
reliable�

objectivity The extent to which data are unbiased�

believability The extent to which the data is believable�

reputation The extent to which data are trusted or highly regarded in 
terms of their source�
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towards an open data economy (He, Huang, & Zhou, 2023)� Open data can be 
used as a tool to foster innovation and enhance financial services� Customer data 
sources in open banking can help fintech companies provide more innovative 
financial services and better facilities to customers (O’Leary et al�, 2021)� On the 
other hand, these data can also be used as a tool to increase customer trust and 
reduce fraud rates in the financial industry (Zachariadis, 2020)� Therefore, it is 
critical to maintain the accuracy, integrity, and privacy of this data� For the effective 
utilization of open data in open banking, solutions have been proposed to manage 
and uphold quality and privacy� Some of these solutions are (Sullivan, Miller, & 
Montes, 2021)�

�	The use of modern technologies to protect the customers’ privacy, such as 
information encryption and cloud servers;

�	Creating detailed and transparent policies for managing open data and 
protecting customer privacy;

�	Providing training to banking employees and fintech companies regarding 
customer privacy and open data management;

�	Creating effective systems for managing customer consent in open banking 
and maintaining privacy;

�	Creating effective systems to manage access to open data and control access 
to this data;

�	Creating effective systems to manage security risks and maintain the security 
of open data;

�	Creating effective systems for managing and maintaining the quality of open 
data and ensuring the accuracy and correctness of these data�
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Since data quality has various dimensions beyond accuracy and privacy, 
each dimension holds its own significance� This research takes a comprehensive 
approach by considering different aspects of data quality in the realm of open 
banking� In fact, the problem we aim to investigate and solve in this research is 
the neglect and lack of attention to the various aspects of data quality in the field 
of open banking� This oversight can lead to improper performance in providing 
services within this sector� In other words, the services provided in open banking 
may be acceptable in some aspects of data quality, but the lack of attention to 
other aspects of data quality makes the overall performance of the services 
unacceptable� For instance, a service may offer highly accurate data, but this 
information may not be current for the intended activity, or it may be accurate but 
lack acceptable consistency� Therefore, it is necessary to investigate the issue 
of data and its quality comprehensively in the field of open banking� Different 
dimensions of data quality should be considered in this context�

Accordingly, one of the most well-known and cited frameworks in the field of 
data quality, Wang and Strong’s framework (1996), has been used as the basis 
for investigating the dimensions of data quality in the field of open banking� In this 
framework, fifteen dimensions of data quality are defined across four categories� 
In Table 1, these fifteen dimensions are presented along with their definitions and 
corresponding categories�

Table 1. Dimensions of data quality, their definitions and categories  
(Wang & Strong, 1996)

Category Dimension Definition of the dimensions

Intrinsic accuracy The extent to which data is error-free, correct, and 
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