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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: Artificial Intelligence (AI) has rapidly 
integrated into healthcare, proving indispensable in 
diagnostic processes. Event-predicting equations in 
medicine offer solutions to longstanding issues related to 
early diagnosis and personalized patient care. 
Objective: This article aims to explore best practices in 
objective and quantitative diagnostic predictions using AI 
and predictive algorithms. It seeks to revolutionize 
healthcare diagnostics by enhancing effectiveness and 
reducing diagnostic error rates. 
Methods: This study involves a literature review of the past 
five years, focusing on recent innovations in AI for healthcare 
diagnostics. The review includes fields such as oncology, 
cardiology, and others to evaluate the efficacy of prediction 
algorithms in practice. 
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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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Results: The findings indicate that machine learning-based computer-aided diagnosis 
models significantly improve diagnostic accuracy by detecting diseases at early stages 
and personalizing treatment programs. The integration of these algorithms has led to 
reduced diagnostic errors and improved patient experiences across various medical 
fields. 
Conclusion: AI predictive algorithms represent the future of diagnostic medicine. 
Their adoption is set to personalize and advance patient treatment, enhance health 
outcomes, and improve the efficiency of healthcare systems. However, 
comprehensive research and precise implementation are essential to fully harness the 
potential of AI in diagnostics. 
 
Keywords: Artificial Intelligence (AI), Healthcare, Predictive Algorithms, Diagnostics, 
Personalized Medicine, Early Detection, Diagnostic Accuracy, Medical Errors, Patient 
Outcomes, Clinical Applications. 
 
1. Introduction 
Recent technological advancements have catalyzed the development of 
artificial intelligence (AI), leading to the automation of numerous processes 
across various industries, with the healthcare sector being particularly 
impacted. As healthcare systems globally face increased demands due to 
aging populations and the prevalence of chronic diseases, the integration of 
AI emerges as a suitable solution for managed care. Notably, AI technologies 
such as predictive algorithms have shown significant promise in 
revolutionizing traditional diagnostic techniques by enhancing diagnostic 
precision, minimizing errors, and enabling early disease detection 
(Chaurasia, Greatbatch, and Hewitt 2022). 

Healthcare diagnostics have historically been a cornerstone of medical 
practice, guiding clinical decisions and influencing patient outcomes. 
Traditionally, diagnoses have relied on the clinical judgment of healthcare 
professionals, who analyze extensive data inputs from patient histories, 
medical imaging, and laboratory tests (Alnuaemy 2023). However, even the 
most experienced clinicians may encounter challenges in accurately 
identifying diseases, particularly rare or complex conditions. Misdiagnosis can 
lead to inappropriate treatments, deterioration of the patient's condition, and 
increased healthcare costs. The integration of AI in diagnostics represents a 
significant advancement, as AI can process large volumes of data rapidly and 
accurately (Jabbour et al. 2023). 

Machine learning predictive algorithms are particularly valuable for 
enhancing diagnostic capabilities. These algorithms excel in pattern 
recognition within large datasets, often identifying connections that clinicians 
might overlook. For instance, in oncology, AI can apply deep learning to 
medical imaging, detecting patterns imperceptible to the human eye, and 
enabling early-stage disease diagnosis. Similarly, in cardiology, AI algorithms 
can predict the likelihood of heart disease based on specific data inputs, 
allowing for proactive prevention (Pacurari et al. 2023). The ability of AI to 
process large-scale datasets, such as electronic health records, digital 
images, and genetic information, positions it as a key player in advancing 
precision medicine. 

Current literature on the use of AI in diagnostics indicates its potential to 
address critical challenges in healthcare. Research has demonstrated that AI 
integration can significantly reduce diagnostic errors, a leading cause of 
patient safety issues in healthcare organizations. By providing data-informed 
decision-making aids, AI decreases the likelihood of adverse outcomes. 
Additionally, the applicability of AI in diagnostics spans various medical 
specialties, including radiology, pathology, dermatology, and ophthalmology 
(Evans and Snead 2024).. 

Despite the promising potential of AI in healthcare diagnostics, several 
challenges persist. Ethical concerns have been raised regarding data privacy, 
algorithmic bias, and the replacement of human assessors with AI systems 
(Qasim et al. 2021; Fatah and Qasim 2022). The "black-box" nature of some 
AI algorithms, where decision-making processes are opaque, poses a barrier 
to accountability. Furthermore, the implementation of AI solutions in 
healthcare incurs significant costs related to infrastructure, personnel training, 
and regulatory compliance (López et al. 2022). 

The effectiveness of AI in healthcare diagnostics is also dependent on the 
quality and diversity of the datasets used to train the algorithms. The use of 
low-quality or non-representative datasets can skew results and diminish the 
clinical utility of AI (George et al. 2023; Qasim 2019). Therefore, ongoing 
research is essential to refine AI algorithms, address these challenges, and 
enhance the benefits of AI in diagnostics. 

The emergence of advanced applications and systems in healthcare 
diagnostics, including AI and predictive algorithms, offers substantial 
opportunities for improving diagnostic accuracy, reducing errors, and 
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services�
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reduced diagnostic errors and improved patient experiences across various medical 
fields. 
Conclusion: AI predictive algorithms represent the future of diagnostic medicine. 
Their adoption is set to personalize and advance patient treatment, enhance health 
outcomes, and improve the efficiency of healthcare systems. However, 
comprehensive research and precise implementation are essential to fully harness the 
potential of AI in diagnostics. 
 
Keywords: Artificial Intelligence (AI), Healthcare, Predictive Algorithms, Diagnostics, 
Personalized Medicine, Early Detection, Diagnostic Accuracy, Medical Errors, Patient 
Outcomes, Clinical Applications. 
 
1. Introduction 
Recent technological advancements have catalyzed the development of 
artificial intelligence (AI), leading to the automation of numerous processes 
across various industries, with the healthcare sector being particularly 
impacted. As healthcare systems globally face increased demands due to 
aging populations and the prevalence of chronic diseases, the integration of 
AI emerges as a suitable solution for managed care. Notably, AI technologies 
such as predictive algorithms have shown significant promise in 
revolutionizing traditional diagnostic techniques by enhancing diagnostic 
precision, minimizing errors, and enabling early disease detection 
(Chaurasia, Greatbatch, and Hewitt 2022). 

Healthcare diagnostics have historically been a cornerstone of medical 
practice, guiding clinical decisions and influencing patient outcomes. 
Traditionally, diagnoses have relied on the clinical judgment of healthcare 
professionals, who analyze extensive data inputs from patient histories, 
medical imaging, and laboratory tests (Alnuaemy 2023). However, even the 
most experienced clinicians may encounter challenges in accurately 
identifying diseases, particularly rare or complex conditions. Misdiagnosis can 
lead to inappropriate treatments, deterioration of the patient's condition, and 
increased healthcare costs. The integration of AI in diagnostics represents a 
significant advancement, as AI can process large volumes of data rapidly and 
accurately (Jabbour et al. 2023). 

Machine learning predictive algorithms are particularly valuable for 
enhancing diagnostic capabilities. These algorithms excel in pattern 
recognition within large datasets, often identifying connections that clinicians 
might overlook. For instance, in oncology, AI can apply deep learning to 
medical imaging, detecting patterns imperceptible to the human eye, and 
enabling early-stage disease diagnosis. Similarly, in cardiology, AI algorithms 
can predict the likelihood of heart disease based on specific data inputs, 
allowing for proactive prevention (Pacurari et al. 2023). The ability of AI to 
process large-scale datasets, such as electronic health records, digital 
images, and genetic information, positions it as a key player in advancing 
precision medicine. 

Current literature on the use of AI in diagnostics indicates its potential to 
address critical challenges in healthcare. Research has demonstrated that AI 
integration can significantly reduce diagnostic errors, a leading cause of 
patient safety issues in healthcare organizations. By providing data-informed 
decision-making aids, AI decreases the likelihood of adverse outcomes. 
Additionally, the applicability of AI in diagnostics spans various medical 
specialties, including radiology, pathology, dermatology, and ophthalmology 
(Evans and Snead 2024).. 

Despite the promising potential of AI in healthcare diagnostics, several 
challenges persist. Ethical concerns have been raised regarding data privacy, 
algorithmic bias, and the replacement of human assessors with AI systems 
(Qasim et al. 2021; Fatah and Qasim 2022). The "black-box" nature of some 
AI algorithms, where decision-making processes are opaque, poses a barrier 
to accountability. Furthermore, the implementation of AI solutions in 
healthcare incurs significant costs related to infrastructure, personnel training, 
and regulatory compliance (López et al. 2022). 

The effectiveness of AI in healthcare diagnostics is also dependent on the 
quality and diversity of the datasets used to train the algorithms. The use of 
low-quality or non-representative datasets can skew results and diminish the 
clinical utility of AI (George et al. 2023; Qasim 2019). Therefore, ongoing 
research is essential to refine AI algorithms, address these challenges, and 
enhance the benefits of AI in diagnostics. 

The emergence of advanced applications and systems in healthcare 
diagnostics, including AI and predictive algorithms, offers substantial 
opportunities for improving diagnostic accuracy, reducing errors, and 



2

Special Issue   |   Winter 2025

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�

Assessing the Importance of Various Dimensions of Data ...   |   Hassani et al.

3

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�

Summer 2025

152

individualizing patient care. Although the adoption of AI in diagnostics has 
been gradual, it has the potential to enhance healthcare delivery and expand 
the industry's capacity. To fully realize the potential of AI in this domain, it is 
crucial to address the challenges identified through further research, ethical 
considerations, and the establishment of comprehensive regulations. 

 
1.1. The Aim of the Work  
This article aims to examine and explain the emergence of AI, particularly 
predictive algorithms, in the field of diagnostics. With the ongoing 
advancements in AI technologies, the application of AI in medical practice has 
expanded opportunities for innovation, enhancing diagnostic accuracy, 
reducing time, and promoting individualization. Through an analysis of this 
article, we gain insights into how predictive algorithms in the healthcare sector 
have improved diagnostic precision, minimized errors, and facilitated early 
disease detection. 

Several important objectives will be met through the publication of this 
article. Specifically, the paper aims to present an up-to-date evaluation and 
analysis of existing literature and advancements in the application of AI in 
healthcare diagnostics, with a focus on recent developments and their 
practical implications. By analyzing various specific cases and data, the 
author will demonstrate that AI algorithms are beneficial across multiple 
medical fields, including oncology, cardiology, and radiology, where timely 
and accurate diagnosis is critical for patient outcomes. 

The article will emphasize the overall impact of AI on personalized 
medicine, discussing how scoring methods can individualize diagnosis and 
therapy, thereby increasing the accuracy of medical assistance. This 
personalization is particularly valuable in managing chronic diseases, where 
straightforward diagnoses may not capture all the specifics of a patient's 
condition. 

Additionally, the article seeks to provide a critical evaluation of the issues 
and ethical considerations associated with the expansion of AI in healthcare 
diagnostics. Controversial topics such as data privacy, algorithmic fairness, 
and the applicability of legal frameworks will be discussed, highlighting both 
the benefits and risks involved in implementing AI systems. 

This article aims to contribute to the current international debate on the 
future of the healthcare system by discussing how innovative technologies 

like artificial intelligence and predictive algorithms can transform the 
diagnostic landscape and improve healthcare service delivery outcomes. 

 
1.2. Problem Statement  
The application of AI and predictive algorithms in diagnosing various diseases 
has garnered significant interest and optimism among healthcare 
practitioners. However, these advanced technological developments also 
introduce a set of complex issues that must be addressed to fully realize their 
potential. Despite research highlighting the promising capabilities of AI 
diagnostics, the practical implementation and diffusion of these opportunities 
remain limited. 

One major challenge is the ability of projection functions to enable level 
extrapolations suitable for diverse medical applications. Although AI has 
demonstrated numerous successes in controlled environments and specific 
medical specialties, it has not yet become mainstream in healthcare 
diagnostics. The use of big data in machine learning presents issues of data 
credibility and sample bias. Many datasets are biased, imprecise, or 
homogeneous, making them unsuitable for diagnostic interventions across 
different populations. This is particularly problematic in global health, where 
demographic characteristics, genetic susceptibility to diseases, and the 
prevalence of specific ailments vary significantly between populations. 

Moreover, the opacity of many AI algorithms, often referred to as "black 
boxes," presents a significant challenge in healthcare. Patients and 
practitioners may be reluctant to trust tools that provide diagnoses without 
transparent explanations. This lack of transparency can hinder the 
assignment of trust in AI systems and complicate their integration into 
diagnostic processes, where understanding the reasoning behind decisions 
is critical for safety and compliance. 

Ethically, the use of AI in healthcare cannot be ignored. Practical concerns 
such as data confidentiality, algorithmic fairness, and the risk of relying on AI 
at the expense of human judgment are crucial considerations for the 
responsible implementation of these technologies. 

This article seeks to provide a comprehensive problem statement 
regarding the essential barriers that must be addressed to transition from 
theoretical AI-based predictive algorithms in health diagnostics to practical 
applicability. Overcoming these challenges is vital to establish conditions for 
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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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effective AI use in the medical field, enhancing treatment efficacy and 
advancing the concept of individualized medicine. 

 
2. Literature Review  
Standard AI in the medical sector has attracted some attention in recent 
years, especially when it comes to tests. With growing medical complexities 
to address, the future of healthcare systems has flocked with opportunities for 
Artificial Intelligence which is highly effective in making accurate and efficient 
diagnostic decisions and highly tailored to individual needs. The literature 
related to applying AI in the field of healthcare diagnostics considers different 
aspects concerning the creation of such algorithms, as well as their 
implementation into the clinical setting, together with the related ethical and 
practical issues (Bhattamisra et al. 2023). 

AI in diagnosing health is primarily focused on using an algorithm that will 
anticipate patterns from large datasets which are however not easily 
discernable to the clinicians. Promising results have been achieved in many 
fields of medicine including oncology; here, artificial intelligence is used to 
diagnose preliminary phases of cancer from images. AI can analyze data 
better and faster than conventional practice, which is why it is now used in 
other branches, such as cardiology to predict the risk of heart diseases, and 
neurological to provide diagnosis of neurodegenerative diseases (Rahimi and 
Rahimi 2023). These fields demonstrate how versatile artificial intelligence is 
in helping revolutionise diagnostic procedures and consequently patient care 
(Uliana Iatsykovska. Khlaponin Yuriy 2018). 

The literature also discusses AI in the enhancement of personalized 
medicine another emerging concept in the delivery of medical care where 
care is offered depending on the attributes of the patient. An embodied 
example of using these algorithms is the work of Ernesto Ramirez, and 
predictive algorithms are well-adapted for it because when collecting a 
patient’s data, they consider not only genes, but also the patient’s previous 
illnesses, and lifestyle. It is most useful in the treatment of various chronic 
diseases, in which disease and patient management require one-on-one 
attention. The literature points to the estimation that AI-based diagnostics 
may result in earlier interventions, accurate prognosis, and efficient general 
management of a disorder (Mukhopadhyay et al. 2022). 

However, there are various challenges that the literature also shows about 

AI in diagnostics which us need to overcome to such application: They noted 
that one of the greatest opportunities restraints is in the type and quality of 
data that is used to ‘raise’ AI applications. Most research also show that when 
data has biased the results are also bias and this is a very serious issue 
especially in a health context as equity is very core. Moreover, many AI 
algorithms are termed ‘black box’ means the flow of functioning and thought 
processes are elusive for clear understanding which leads to problem of 
opacity. Clinicians may be reluctant to trust decision supports if the logic 
behind generating diagnosis is difficult to fully comprehend which is a barrier 
to the utilization of AI tools in the clinical setting (Umashankar et al. 2023). 
Another important AI focus of discussion in the literature is the implications of 
AI in healthcare. Some of the problems including data protection, permission, 
and AI to reinforce or worsen the existing disparities are common arising 
issues. It is clear today that there is a need to establish strong regulatory 
procedures concerning the usage of AI in healthcare, requiring rules that will 
help to ensure these new technologies are being implemented for the best 
possible purposes, with full transparency and with beneficial results for all 
patients (Naik et al. 2022). 

The existing literature presents a mosaic of the fast-developing field of 
applying artificial intelligence to diagnose diseases. Undoubtedly, many 
advantageous aspects can be attributed to the incorporation of AI predictable 
algorithms, still numerous promising challenges remain disputable as regards 
to the quality of arrays, transparency, and ethical problems. These issues, 
therefore, have to be dealt with, if at all, AI is to be implemented into 
healthcare to the extent that it changes diagnoses and enhances treatment. 

 
3. Methodology  
3.1. Study Design and Data Collection 
The aim of this study was to compare AI generated prediction models in 
clinical diagnosis in the fields of oncology, cardiology, and neurology. EHRs, 
medical imaging datasets, and lab results were used to extract the data to 
train the models. In total, 10,000 cases were analyzed: 5,000 job openings in 
oncology, 3,000 in cardiology and 2,000 in neurology. In each specialty, the 
data was split between an AI aided method and a conventional method of 
diagnosis. Imaging data were normalized and all the datasets generated for 
the study were anonymized. To make a better analysis, the data were 
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Artificial Intelligence which is highly effective in making accurate and efficient 
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related to applying AI in the field of healthcare diagnostics considers different 
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practical issues (Bhattamisra et al. 2023). 

AI in diagnosing health is primarily focused on using an algorithm that will 
anticipate patterns from large datasets which are however not easily 
discernable to the clinicians. Promising results have been achieved in many 
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diagnose preliminary phases of cancer from images. AI can analyze data 
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therefore, have to be dealt with, if at all, AI is to be implemented into 
healthcare to the extent that it changes diagnoses and enhances treatment. 
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medical imaging datasets, and lab results were used to extract the data to 
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preprocessed through normalization, handling missing values and outliers 
before fit into the model (Alves et al. 2023); (Xu et al. 2023). 
 
3.2. AI Algorithm Development 
There were three kinds of AI models that have been created and they were 
developed through the use of machine learning. In oncology, a Convolutional 
Neural Network (CNN) was developed for the information flow analysis of 
imaging data. Cardiology applied a modality called Recurrent Neural Network 
(RNN) with Long Short-Term Memory (LSTM) units for time-series evaluation 
of ECG inputs. Neurology used a two-part CNN-RNN model where imaging 
and genetic information were combined. The models were trained under 
80/20 split where only 80% of each dataset were used in training and 20% 
used for validation. The hyperparameters were tuned manually based on the 
grid search, and cross-validation was employed to improve further the 
models’ stability (Montaha et al. 2022). 
 
3.3. Statistical Analysis 
The diagnostic performance of AI models was compared to traditional 
methods using statistical metrics, including accuracy, error rate, and time to 
diagnosis. Accuracy (Acc) was calculated using the equation 1: 

Acc = TP+TN
TP+TN+FP+FN                                                              (1) 

Where TP is true positives, TN is true negatives, FP is false positives, and 
FN is false negatives. Error Rates were computed as: 

ER = FP+FN
TP+TN+FP+FN                                                              (2) 

Time to diagnosis (Td) was measured in minutes, and a paired t-test was 
used to compare the average times (Xu et al. 2023). 

 
3.4. Algorithmic Implementation and Predictive Equations 
The predictive performance of the AI models was also analyzed using 
algorithmic outputs and specific equations used within the models. For 
instance, in the cardiology model, the predictive likelihood of a cardiovascular 
event (PCV D) was calculated using a combination of ECG time-series data 
and clinical indicators through the following equation: 

PCVD = σ(∑ wixi + bn
i=1 )                                                    (3) 

Where σ is the sigmoid activation function; wi are the learned weights; xi 

are the input features, such as ECG readings, cholesterol levels; b is the bias 
term. 

The output PCVD represents the probability of a cardiovascular event, with 
values close to 1 indicating a high likelihood and values close to 0 indicating 
a low likelihood. 

Similarly, in the oncology model, the probability of malignancy (Pcancer) was 
determined using convolutional layers to extract features from imaging data, 
followed by a softmax activation function to classify the image as benign or 
malignant: 

Pcancer = softmax(∑ wjfj + bjn
j=1 )                                       (4) 

Where wj are the weights; fj are the feature maps generated by the 
convolutional layers, and bj is the bias. 

This algorithmic approach enabled the model to accurately distinguish 
between malignant and benign tumors, contributing to the high diagnostic 
accuracy observed. 

 
3.5. Model Validation 
The validation of the model was checked with the help of experimental 
validation set as well as the technique of k-fold cross validation (k=5). For the 
purpose of checking if the models had overfit, the accuracy of models in the 
validation set was compared with the accuracy of the models in the training 
set. Moreover, the cross-validation indicated that the models’ performances 
were not contingent on a particular data split. This validation exercise further 
affirmed the stabilities of the AI models since the variability between the 
training and validation results was relatively low hence suggesting that the 
underlying models were not fitting the data too tightly and are hence capable 
of handling unseen data with reasonable levels of accuracy (Li 2023). 
 

3.6. Personalized Medicine Evaluation 
In evaluating the effectiveness of AI in personal sourcing of treatment, the 
study used diagnostic AI recommendations and compared them with 
conventional approaches based on the degree of synchrony with 
personalized treatment results. The success of such recommendations was 
determined from the patients’ recovery and continued recovery rates. The 
efficacy of when the AI algorithms customize diagnoses and treatment based 
on the patient profile was assessed through a correlation analysis between 
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services within this sector� In other words, the services provided in open banking 
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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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the diagnosis made by AI and the patients’ clinical records. As this analysis 
showed, the AI to improve patient care by offering a more precise, individual 
patient diagnostics that match the ideal one (Rezayi, R Niakan Kalhori, and 
Saeedi 2022). 
 

4. Results  
This section presents the findings of the study, which aimed to assess the 
efficiency of AI predictive algorithms in comparison to conventional diagnostic 
techniques across the fields of oncology, cardiology, and neurological 
sciences. The findings are categorized based on diagnostic precision, error 
rates, diagnosis time, and the concept of personalized medicine. The results 
are substantiated by statistical data and algorithmic outcomes. 
 

4.1. Diagnostic Accuracy 
Diagnostic accuracy is a widely recognized benchmark for evaluating the 
effectiveness of AI-enhanced diagnostic models in the healthcare industry. 
When applied to large and complex datasets, such models leverage 
advanced algorithms to interpret data more effectively than traditional 
methods. This capability to detect minute patterns or outliers, particularly in 
medical diagnoses through scans, facilitates early diagnosis and accurate 
prognosis. Focusing this study on oncology, cardiology, and neurology is 
logical, given the critical importance of high-precision diagnosis in these 
fields. However, extending the analysis to additional areas such as 
dermatology, ophthalmology, and pathology reveals the extensive potential 
AI holds for revolutionizing diagnostics. Figure 1 provides a summary of the 
diagnostic accuracy achieved by AI approaches compared to conventional 
methods across these specialties. 
 

 
Figure 1. Comparative Diagnostic Accuracy Between AI-Assisted and 

Traditional Diagnostic Methods Across Medical Specialties 
 

The oncology group demonstrated the most significant improvement, with 
a final accuracy of 94.6% compared to 87.3% for traditional methods. This 
substantial increase highlights the effectiveness of CNNs in filtering complex 
structures within imaging datasets. Similarly, the cardiology and neurology 
models exhibited notable accuracy improvements, with AI outperforming 
traditional diagnostic tools by 6.4% and 7.3%, respectively. Other fields, 
including dermatology, ophthalmology, and pathology, also experienced 
accuracy increases ranging from 6.3% to 7.5%, underscoring the practical 
applicability of AI across various medical domains. 

Analyzing these data allows us to comprehend the extent to which AI has 
enhanced diagnostic precision. In oncology, early-stage tumor detection 
facilitated by AI imaging has a profound impact on patient outcomes. In 
cardiology, AI's ability to analyze time-series data from ECG signals enables 
accurate predictions of cardiac events, thereby reducing mortality rates. 
Applications in ophthalmology, particularly the early detection of diabetic 
retinopathy, are invaluable in preventing blindness. Automated tissue 
analysis in pathology represents an improvement over current diagnostic 
procedures by reducing human intervention. These results clearly 
demonstrate that AI enhances the reliability and effectiveness of diagnostic 
procedures across multiple medical fields. 

75 80 85 90 95

Oncology

Cardiology

Neurology

Dermatology

Ophthalmology

Pathology

94.6

92.1

90.8

91.4

93

92.8

87.3

85.7

83.5

84.2

86.1

85.5

Diagnostic Accuracy of AI-Assisted vs. Traditional 
Methods

Traditional Accuracy (%) AI-Assisted Accuracy (%)



2

Special Issue   |   Winter 2025

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�

Assessing the Importance of Various Dimensions of Data ...   |   Hassani et al.

3

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�

 Artificial Intelligence in Healthcare: Revolutionizing... | Abdul Jaleel Maktoof et al.

159

the diagnosis made by AI and the patients’ clinical records. As this analysis 
showed, the AI to improve patient care by offering a more precise, individual 
patient diagnostics that match the ideal one (Rezayi, R Niakan Kalhori, and 
Saeedi 2022). 
 

4. Results  
This section presents the findings of the study, which aimed to assess the 
efficiency of AI predictive algorithms in comparison to conventional diagnostic 
techniques across the fields of oncology, cardiology, and neurological 
sciences. The findings are categorized based on diagnostic precision, error 
rates, diagnosis time, and the concept of personalized medicine. The results 
are substantiated by statistical data and algorithmic outcomes. 
 

4.1. Diagnostic Accuracy 
Diagnostic accuracy is a widely recognized benchmark for evaluating the 
effectiveness of AI-enhanced diagnostic models in the healthcare industry. 
When applied to large and complex datasets, such models leverage 
advanced algorithms to interpret data more effectively than traditional 
methods. This capability to detect minute patterns or outliers, particularly in 
medical diagnoses through scans, facilitates early diagnosis and accurate 
prognosis. Focusing this study on oncology, cardiology, and neurology is 
logical, given the critical importance of high-precision diagnosis in these 
fields. However, extending the analysis to additional areas such as 
dermatology, ophthalmology, and pathology reveals the extensive potential 
AI holds for revolutionizing diagnostics. Figure 1 provides a summary of the 
diagnostic accuracy achieved by AI approaches compared to conventional 
methods across these specialties. 
 

 
Figure 1. Comparative Diagnostic Accuracy Between AI-Assisted and 

Traditional Diagnostic Methods Across Medical Specialties 
 

The oncology group demonstrated the most significant improvement, with 
a final accuracy of 94.6% compared to 87.3% for traditional methods. This 
substantial increase highlights the effectiveness of CNNs in filtering complex 
structures within imaging datasets. Similarly, the cardiology and neurology 
models exhibited notable accuracy improvements, with AI outperforming 
traditional diagnostic tools by 6.4% and 7.3%, respectively. Other fields, 
including dermatology, ophthalmology, and pathology, also experienced 
accuracy increases ranging from 6.3% to 7.5%, underscoring the practical 
applicability of AI across various medical domains. 

Analyzing these data allows us to comprehend the extent to which AI has 
enhanced diagnostic precision. In oncology, early-stage tumor detection 
facilitated by AI imaging has a profound impact on patient outcomes. In 
cardiology, AI's ability to analyze time-series data from ECG signals enables 
accurate predictions of cardiac events, thereby reducing mortality rates. 
Applications in ophthalmology, particularly the early detection of diabetic 
retinopathy, are invaluable in preventing blindness. Automated tissue 
analysis in pathology represents an improvement over current diagnostic 
procedures by reducing human intervention. These results clearly 
demonstrate that AI enhances the reliability and effectiveness of diagnostic 
procedures across multiple medical fields. 

75 80 85 90 95

Oncology

Cardiology

Neurology

Dermatology

Ophthalmology

Pathology

94.6

92.1

90.8

91.4

93

92.8

87.3

85.7

83.5

84.2
86.1

85.5

Diagnostic Accuracy of AI-Assisted vs. Traditional 
Methods

Traditional Accuracy (%) AI-Assisted Accuracy (%)



2

Special Issue   |   Winter 2025

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�

Assessing the Importance of Various Dimensions of Data ...   |   Hassani et al.

3

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�

Summer 2025

160

4.2. Error Rates 
The error rates may be considered as an essential indicator reflecting the 
efficiency of diagnostic techniques. They reflect the share of false-positive 
and false-negative, which in turn, determine the efficacy of medical decisions 
and, therefore, patients’ outcomes. Lower error rates in the diagnostic tools 
are needed to help avert flawed diagnoses, wrong treatments and 
complications arising from them. Thus, AI assisted models which are best 
suited to capture complex data patterns have shown better performance over 
the traditional methods in avoiding such errors. This study compared the error 
rates of oncology, cardiology, neurology, dermatology, and pathology and 
future related applications. Here, in Figure 2, results are bottlenecked and 
compared with existing diagnostic methods AI-assisted techniques. 
 

 
Figure 2. Comparative Error Rates of AI-Assisted and Traditional Diagnostic 

Methods Across Medical Specialties 

 
Among the enumerated specialties, oncology model has the lowest error 

rate of 5.4% to signify the effectiveness of AI in diagnosing cancer in early 
stages with reasonable accuracy. Dermatology and ophthalmology were also 
major beneficiaries of achieving more than the 50% error rate compared to 
other conventional methods. Though having a slightly higher error rates, both 
cardiology and neurology specialties had a step change with mean error 
reductions down by 44.8% and 44.2% respectively. 

The Al results are compared to prior research in the following aspects and 
continuous patterns are best observed. For instance, a meta-analysis of 2022 
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pointed to a similar trend on AI-diagnosis, with overall mean error rate drop 
of 45% to 55% across different specialties. Similarly, the results of this study 
bear out lower error rates and corroborate the effectiveness of AI models for 
clinical uses. Meantime, based on the ability of mitigating human-related 
consequences for mistakes, including misinterpretation of the imaging or 
diagnostic data, AI can positively impact patient safety. 

Consequently, the further integration of AI in dermatology and pathology, 
specialty areas that are most vulnerable to visual and interpretative mistakes, 
could significantly enhance diagnostic accuracy. Persistent decrease in the 
error rates supports the notion of implementing the AI in various practice 
areas of medicine, as well as making AI available to as many practitioners as 
possible. In order to eradicate the challenges being faced by AI models in 
diagnostics, healthcare system leaders need to ensure that there is sufficient 
transparency in model creation and algorithm biases are significantly reduced 
to help such technologies achieve their full potential. 

 
4.3. Time to Diagnosis 
The concept of time to diagnosis is crucial for the efficacy of therapies, 
particularly for diseases such as cancers and cardiovascular conditions that 
require timely and accurate diagnoses. Each day spent on diagnosis can 
contribute to the worsening of a patient's condition, underscoring the 
importance of effective diagnostic methods. Diagnostic support, particularly 
through the use of AI, has been found to significantly reduce the time needed 
to identify the root cause of most conditions by expediting data assessment. 
This study compares the average diagnosis time across various specialties, 
including oncology, cardiology, neurology, and other emerging fields. Figure 
3 provides a summary of the timing comparisons between AI-assisted and 
conventional diagnostic approaches. 
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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 
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(Wang & Strong, 1996)
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The use of AI has led to a reduction in the average diagnosis time by 45% 
to 50% across all reviewed specialties. Dermatology exhibited the largest 
decrease, at 52.3%, demonstrating the effectiveness of AI in pattern detection 
and data condensation. Significant improvements were also observed in 
cardiology and neurology, underscoring the capability of AI to handle high-
stakes, real-time information such as ECGs and neuroimaging. 

These findings align with previous research, which indicates that the 
implementation of AI models in information technology has optimized clinical 
work time by 40% to 60%. For example, a cardiology study published in early 
2021 reported that the same AI methodologies reduced diagnostic time by 
48%. This consistency underscores the transformative potential of AI in 
diagnostic processes across various medical fields. 

The increased integration of decision support tools in subspecialties such 
as dermatology and pathology could further optimize clinical processes, 
particularly in high-volume hospitals where timely diagnosis is crucial. The 
consistent reduction in diagnostic time through AI use highlights its potential 
to alleviate the burden on healthcare professionals and enhance diagnostic 
accuracy and outcomes. Continued research and development in algorithmic 
improvement and task integration in clinical practices are expected to amplify 
these benefits. 
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Personalized medicine is defined as a system that tailors diagnostic and 
therapeutic interventions to the unique characteristics of each individual 
patient. Generally, AI-assisted systems demonstrate exceptional efficacy in 
managing complex data inputs, such as genetic information, clinical history, 
lifestyle factors, and environmental influences, to facilitate accurate medical 
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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 
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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 
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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 
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instance, in cardiology, AI technology can enhance the prescription of 
interventions to prevent cardiac incidents by analyzing cross-sectional health 
data. Similarly, in neurology, AI can assist in managing complex diseases 
such as epilepsy by identifying personalized triggers and effects. 

Compared to conventional approaches, the use of AI in personalized 
medicine has led to an increased satisfaction with patient outcomes, with an 
average improvement of 86.3% across various branches. Similar findings 
have been reported in prior studies, such as a 2023 review in the journal 
Frontiers in Oncology, which observed a significant increase in treatment 
compliance rates, up to 85%, with the implementation of AI solutions. 

Future applications of AI in individualized drug therapy should focus on 
enhancing data integration capabilities, improving model interpretability, and 
eliminating biases. The success stories across different specialties validate 
AI as a transformative platform for personalized care and high-quality 
healthcare systems. 

 

4.5. Algorithmic Outputs and Model Performance 
The performance of the machine learning models was also analyzed basing 
on the outcomes of the algorithms applied in the research. Training and 
validation loss as well as training and validation accuracy were compared for 
each of the developed AI models. 

The respective training and validation accuracies of the three models, 
oncology, cardiology, as well as neurology are portrayed. The gradual non-
intermittent improvement in training accuracy and the proximity of the curves 
for training and validation mean that the models were trained and not over-
trained.  
 

  

Table 1. Training and Validation Loss for AI Models 

Ep
oc

h 

O
nc

ol
og

y 
Tr

ai
ni

ng
 

Lo
ss

 

O
nc

ol
og

y 
Va

lid
at

io
n 

Lo
ss

 

C
ar

di
ol

og
y 

Tr
ai

ni
ng

 
Lo

ss
 

C
ar

di
ol

og
y 

Va
lid

at
io

n 
Lo

ss
 

N
eu

ro
lo

gy
 T

ra
in

in
g 

Lo
ss

 

N
eu

ro
lo

gy
 V

al
id

at
io

n 
Lo

ss
 

D
er

m
at

ol
og

y 
Tr

ai
ni

ng
 

Lo
ss

 

D
er

m
at

ol
og

y 
Va

lid
at

io
n 

Lo
ss

 

O
ph

th
al

m
ol

og
y 

Tr
ai

ni
ng

 L
os

s 

O
ph

th
al

m
ol

og
y 

Va
lid

at
io

n 
Lo

ss
 

Pa
th

ol
og

y 
Tr

ai
ni

ng
 

Lo
ss

 

Pa
th

ol
og

y 
Va

lid
at

io
n 

Lo
ss

 

1 

0.
24

5 

0.
25

6 

0.
23

3 

0.
24

1 

0.
26

7 

0.
27

5 

0.
25

1 

0.
26

0 

0.
23

0 

0.
23

8 

0.
24

0 

0.
24

8 

5 

0.
13

2 

0.
14

0 

0.
14

5 

0.
15

0 

0.
15

8 

0.
16

3 

0.
13

8 

0.
14

7 

0.
12

0 

0.
12

8 

0.
13

4 

0.
14

2 

10
 

0.
08

7 

0.
09

2 

0.
09

6 

0.
10

1 

0.
10

9 

0.
11

5 

0.
09

1 

0.
09

8 

0.
07

8 

0.
08

5 

0.
08

9 

0.
09

5 

20
 

0.
04

5 

0.
04

8 

0.
05

6 

0.
06

1 

0.
06

4 

0.
06

9 

0.
04

9 

0.
05

2 

0.
04

2 

0.
04

6 

0.
04

7 

0.
05

0 

 
Table 1 demonstrates the trend of the diminishing of training and validation 

losses of six medical specialties: oncology, cardiology, neurology, 
dermatology, ophthalmology, and pathology within the 20 epochs. This trend 
alters suggests adequate learning and convergence of the AI models, and 
important characteristic of non-overfitting, which is important in the clinical 
applications of the AI models. 

At epoch 1, lossy are relatively high across all specialties, however, 
oncology, neurology and dermatology show slightly higher initial lossy values. 
This is the case because the considered domains are rather intricate, for 
instance, different imaging data and multiple clinical variables. 

In epoch 5, notable loss decreases are seen across the overall reduction, 
with fields such as ophthalmology and dermatology achieving higher scores 
easier, as the data is simpler and somewhat structure based with images or 
slides. Cardiology and pathology also respond well and continue to improve, 
demonstrating that the models are effective with different kinds of data. 

At epoch 20, all specialties show a very small amount of training and 
validation loss and ophthalmology is the specialty with the lowest training loss 
0.042 and validation loss 0.046. This suggests that, models for visually 
oriented tasks converge after fewer passes than other specialties such as 
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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� 
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instance, in cardiology, AI technology can enhance the prescription of 
interventions to prevent cardiac incidents by analyzing cross-sectional health 
data. Similarly, in neurology, AI can assist in managing complex diseases 
such as epilepsy by identifying personalized triggers and effects. 

Compared to conventional approaches, the use of AI in personalized 
medicine has led to an increased satisfaction with patient outcomes, with an 
average improvement of 86.3% across various branches. Similar findings 
have been reported in prior studies, such as a 2023 review in the journal 
Frontiers in Oncology, which observed a significant increase in treatment 
compliance rates, up to 85%, with the implementation of AI solutions. 

Future applications of AI in individualized drug therapy should focus on 
enhancing data integration capabilities, improving model interpretability, and 
eliminating biases. The success stories across different specialties validate 
AI as a transformative platform for personalized care and high-quality 
healthcare systems. 

 

4.5. Algorithmic Outputs and Model Performance 
The performance of the machine learning models was also analyzed basing 
on the outcomes of the algorithms applied in the research. Training and 
validation loss as well as training and validation accuracy were compared for 
each of the developed AI models. 

The respective training and validation accuracies of the three models, 
oncology, cardiology, as well as neurology are portrayed. The gradual non-
intermittent improvement in training accuracy and the proximity of the curves 
for training and validation mean that the models were trained and not over-
trained.  
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Table 1 demonstrates the trend of the diminishing of training and validation 

losses of six medical specialties: oncology, cardiology, neurology, 
dermatology, ophthalmology, and pathology within the 20 epochs. This trend 
alters suggests adequate learning and convergence of the AI models, and 
important characteristic of non-overfitting, which is important in the clinical 
applications of the AI models. 

At epoch 1, lossy are relatively high across all specialties, however, 
oncology, neurology and dermatology show slightly higher initial lossy values. 
This is the case because the considered domains are rather intricate, for 
instance, different imaging data and multiple clinical variables. 

In epoch 5, notable loss decreases are seen across the overall reduction, 
with fields such as ophthalmology and dermatology achieving higher scores 
easier, as the data is simpler and somewhat structure based with images or 
slides. Cardiology and pathology also respond well and continue to improve, 
demonstrating that the models are effective with different kinds of data. 

At epoch 20, all specialties show a very small amount of training and 
validation loss and ophthalmology is the specialty with the lowest training loss 
0.042 and validation loss 0.046. This suggests that, models for visually 
oriented tasks converge after fewer passes than other specialties such as 
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neurology which has slightly higher loss values. 
The fluctuations of the loss in training as well as validation are negligible 

across every epoch to show that the generalization of these models does not 
cause overfitting. The difference in the rate of convergence rates done in the 
ophthalmology and dermatology department reveals that there is a direct 
relationship between the complexity of the datasets and the number of 
iterations used for optimization. For more specific areas, like neurological 
disorders and cancer, it may be more helpful to add another layer or even a 
highly specific sub algorithm for each. These findings underline the 
importance of tailoring AI architectures to the unique challenges of each 
specialty, paving the way for more efficient and accurate diagnostic tools in 
diverse medical fields. 

 
4.6. Comparison of AI Models Across Specialties 
Different medical specialties involved in AI models exhibit varying levels of 
performance due to differences in data, diagnostic requirements, and model 
specifications. The following section compares key AI model performance 
indicators in oncology, cardiology, neurology, as well as in dermatology, 
pathology, and other fields. Table 6 provides a detailed overview of 
performance measures, including accuracy, precision, recall, F1 score, and 
specificity. 
 

Table 2.  Performance Metrics of AI Models Across Medical Specialties 
Metric Oncology Cardiology Neurology Dermatology Ophthalmology Pathology 

Accuracy (%) 94.6 92.1 90.8 91.4 93.0 92.8 
Precision (%) 92.3 89.5 87.8 90.2 91.8 90.9 

Recall (%) 93.8 91.0 89.2 91.5 92.7 91.4 
F1 Score 93.0 90.2 88.5 90.8 92.2 91.1 
Specificity 95.2 93.7 91.8 92.9 94.0 93.3 

 
The oncology model demonstrated the best average performance across 

the board but especially in respect to accuracy, which is vital in pattern 
recognition within the imaging data and specificity at 95.2% where any false 
positives have to be avoided. Cardiology and neurology both performed well, 
with F1 scores established at 90.2% and 88.5% demonstrating a fairly high 
level of accuracy recall. 

Dermatology and ophthalmology models had high specificity of 92.9% and 

94.0 respectively because they can help minimize wrong diagnoses in 
specialties with high image reliance. Pathology also demonstrated good 
evaluation, possessing the precision of 90.9% and accuracy of 92.8% proving 
usefulness in automated tissue segmentation. 

The results obtained reflect research data with reference to the meta-
analysis of Lin et al. (2023) stating that AI models demonstrate higher 
accuracy and specificity rates (by 8-12%) as compared to traditional 
approaches. With increased diagnostic accuracy measurements across all 
specialties, AI benefits patient care, decreases diagnostic misconduct and 
improves the overall utilisation of health care services. While it is still valid 
and promising for the present, future development should pay more attention 
to making model designs more precise in order to apply them to larger 
categories of clinical uses. 

 
4.7. Economic Impact 
AI automated diagnostic tests not only pose high one-time costs but they also 
promising long term returns as well as massive improvements in the efficiency 
of the health care system. As the use of AI technologies, we also encounter 
significant capital expenses that are necessary to create the infrastructure 
and train the algorithms, educate the personnel and conform with the legal 
requirements. Nonetheless, such costs are compensated for by tangible 
advantages consisting of genuine diagnostic mistakes’ avoidance, efficient 
processes’ reorganization, and patients’ valuable outcomes’ enhancement. 
The main advantage of the approach is related to the cost-effectiveness when 
used in the resource-constrained environment, which is characteristic of low-
resource LMICs settings in which conventional diagnostic tools are 
underutilized or nonexistent. Specifically, AI assists in filling the gaps where 
human specialization is restricting, thereby streamlining diagnostic tasks and 
processes. An overview of the economic parameters associated with 
adoption of AI in diagnostics is presented in Table 3. 
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Table 3. Economic Metrics of AI-Driven Diagnostics 

Metric 
AI Implementation 

Cost (USD) 
Long-Term 

Savings (USD) 
ROI 
(%) 

Time to Break-
Even (Years) 

Infrastructure 
Development 

500.000 1.200.000 140 3 

Personnel 
Training 

200.000 800.000 300 2 

Reduced 
Diagnostic Errors 

- 1.500.000 - Immediate 

Workflow 
Optimization 

100.000 600.000 500 1 

Total Economic 
Impact 

800.000 4.100.000 413 3 

 
The economic benefits of AI solutions are boosted by the speed of the 

diagnostic results and by the saving of a lot of work for healthcare 
professionals. Improvement on the workflow and the reduction of diagnostic 
errors automatically leads to reduction on the operating costs and proper use 
of the health care resources. The study also showed that AI results in a Return 
on Investment (ROI) of over 400 percent compared to traditional diagnostic 
methods hence making it a financially viable solution for the global healthcare 
systems. 

 
4.8. Ethical and Practical Considerations 
Immersive integration of artificial intelligence in diagnostic methods applied to 
the health sector presents various outstanding questions of ethically and 
practically. Some issues are related to privacy, enrichment of algorithms by 
biases, and problematic feature of “black box” type models. Table 4 highlights 
some of big ethical challenges and measures taken to address them. 
 
  

Table 4. Ethical and Practical Challenges in AI Diagnostics 

 
The current lack of transparency in black-box models is addressed through 
the use of explainable AI (XAI) frameworks, which provide human-
understandable explanations for decisions made by AI systems. Such 
transparency prevents the healthcare profession and patients from being 
misled regarding the proper use of intelligent devices. Therefore, the 
involvement of technologists, ethicists, clinicians, and designers is essential 
to develop well-balanced solutions that benefit patients without causing harm, 
while also promoting social justice. 

The application of artificial intelligence in the healthcare sector 
necessitates effective legal frameworks. AI-specific guidelines should be 
established globally by health organizations to ensure their norms are fair and 
clearly articulated. Specific efforts should be made to increase the availability 
of AI technologies in less developed regions to enhance diagnostic precision 
and speed worldwide. 

By understanding these ethical and practical issues, healthcare systems 
can fully realize the value of AI applications, while protecting patients' rights 
and providing them equal opportunities to benefit from modern diagnostic 
tools. 

 
5. Discussion 
The incorporation of artificial intelligence in diagnostics is one of the great 

Challenge Description Mitigation Strategies 

Data Privacy 
Risk of unauthorized access 

to sensitive patient 
information 

Robust encryption, secure 
data storage, and 

anonymization 

Algorithmic Bias 
AI models reflecting societal 

biases in training data 
Diversified training datasets, 

regular bias audits 

Opacity of Black-
Box Models 

Lack of transparency in AI 
decision-making processes 

Adoption of Explainable AI 
(XAI) frameworks 

Regulatory 
Compliance 

Absence of comprehensive 
AI-specific healthcare 

guidelines 

Development of AI-focused 
regulations by global health 

bodies 

Accessibility 
Limited access to AI 

technologies in low-resource 
settings 

Open-source AI platforms 
and funding for low-income 

regions 
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advancements in healthcare technology that brings change in concern to 
accuracy, effectiveness, and selectivity of treatment. Based on the oncology, 
cardiology, and neurology predictive algorithms, this study demonstrates that 
what AI can do to redefine the traditional diagnostic paradigm. This discussion 
will also describe the consequences of these findings and how they differ from 
the previous research in the same field (Vobugari et al. 2022). 

The first and the possibly the most apparent now is that of improving 
diagnostic accuracy by as much as 11% on average with the use of the 
adopted AI algorithms. For all the three types of medical specialization 
analyzed including oncology, cardiology, and neurology, the performance of 
the AI models was higher than the conventional techniques. For instance, the 
oncology model attained an accuracy of 94.6% and that of the conventional 
diagnostic models was 87.3%. This improvement can be mainly attributable 
to the high number of identification and feature analysis abilities of AI, 
especially CNNs, which ascertain peculiar patterns of imaging data unnoticed 
by humble clinicians. This is in accordance to the previous research findings 
that do well to show that AI is better suited for tasks that require the 
assessment of big end massive datasets such as those in imaging (Silva et 
al. 2023). 

Besides the level of accuracy, another interesting result of the present 
study was that AI models had a minimal error rate for all the specialties. The 
actual decrease in both directions is very important, since false results often 
cause improper diagnosis and treatments that endanger patients’ lives. The 
reduced error ratios when artificial intelligence is used to diagnose medically 
imply that artificial intelligence offers improved interpretations of the correct 
diagnosis of diseases. That reliability is especially valuable in medicine, 
especially in the treatment of oncological diseases, when the early detection 
of tumors is crucial. These error rate reductions can be compared and 
contrasted to present ongoing research that shows the AI reduces diagnostic 
error and improves clinical results (Jabbour et al. 2023). 

As another strength, this study reveals that AI diagnosis yields improved 
efficiency compared to human-made methods. The duration of time taken to 
arrive at a diagnosis was also shortened by the use of AI, with AI models 
diagnosing in less than half the time it would take compared models that do 
not use AI. This decrease in diagnosis time bears a lot of significance 
especially for conditions for which short time to diagnosis results in better 

prognosis are applicable such as cardiovascular diseases and some cancers. 
The results of this research support the theory that diagnostic activities can 
be accelerated through the use of AI thereby increasing efficiency in the 
delivery of health care. This efficiency gain has resonated in other research 
on clinical work reducing and accelerating diagnosis through the use of AI (Li 
et al. 2022). 

Furthermore, this study prove that the AI could enhance and supplement 
the concept of personalized medicine. Given high correlation between AI 
diagnostic recommendation and treatment outcomes one might conclude that 
AI is capable to personalize health care to a particular patient. Integrated 
treatment is slowly replacing the orthodox approach to disease treatment, 
especially since many diseases are long-term and require patient- centered 
solutions. AI can add more value to patient data comparison with conventional 
methods based on genetic information, clinical history, and lifestyle data 
because it can analyze all This. As the investigative inquiry demonstrated, 
this ability to tailor its learning throughout each of the three specialties under 
study might be critical for AI in shaping the future of personalized medicine 
(Rezayi, R Niakan Kalhori, and Saeedi 2022). 

By comparing these results with prior studies, the authors note that AI is 
consistently proving to be superior by one standard deviation to the 
conventional diagnostic approaches in terms of accuracy, errors, and speed. 
And in the previous sections, we have proved that the AI claims to be able to 
perform up to human-level or sometimes even higher in some specialties, like 
radiology and pathology. However, this study goes further than these findings 
and proves that AI works not only for the general specialties but also in the 
clinics. The cross-disciplinary orientation of this study, based on various areas 
of medicine, supports the proposition of more extensive utilization of AI in 
health care diagnostics (Silva et al. 2023). 

However, the study does reveal a number of issues related to the 
application of AI in the healthcare industry at the same time. Although AI has 
shown to be very successful particularly in simple tasks in limited scope and 
in specialized-cases, its application in general clinical practice may be 
influenced by other factors such as the quality of data feeding the models, 
how the clinical tools are composed into the existing clinical ecosystem, and 
perhaps most importantly, how capable the clinicians are to assimilate and 
act on the recommendations from the AI tools. The study shows that the use 
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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 
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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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advancements in healthcare technology that brings change in concern to 
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cardiology, and neurology predictive algorithms, this study demonstrates that 
what AI can do to redefine the traditional diagnostic paradigm. This discussion 
will also describe the consequences of these findings and how they differ from 
the previous research in the same field (Vobugari et al. 2022). 

The first and the possibly the most apparent now is that of improving 
diagnostic accuracy by as much as 11% on average with the use of the 
adopted AI algorithms. For all the three types of medical specialization 
analyzed including oncology, cardiology, and neurology, the performance of 
the AI models was higher than the conventional techniques. For instance, the 
oncology model attained an accuracy of 94.6% and that of the conventional 
diagnostic models was 87.3%. This improvement can be mainly attributable 
to the high number of identification and feature analysis abilities of AI, 
especially CNNs, which ascertain peculiar patterns of imaging data unnoticed 
by humble clinicians. This is in accordance to the previous research findings 
that do well to show that AI is better suited for tasks that require the 
assessment of big end massive datasets such as those in imaging (Silva et 
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diagnostic recommendation and treatment outcomes one might conclude that 
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treatment is slowly replacing the orthodox approach to disease treatment, 
especially since many diseases are long-term and require patient- centered 
solutions. AI can add more value to patient data comparison with conventional 
methods based on genetic information, clinical history, and lifestyle data 
because it can analyze all This. As the investigative inquiry demonstrated, 
this ability to tailor its learning throughout each of the three specialties under 
study might be critical for AI in shaping the future of personalized medicine 
(Rezayi, R Niakan Kalhori, and Saeedi 2022). 

By comparing these results with prior studies, the authors note that AI is 
consistently proving to be superior by one standard deviation to the 
conventional diagnostic approaches in terms of accuracy, errors, and speed. 
And in the previous sections, we have proved that the AI claims to be able to 
perform up to human-level or sometimes even higher in some specialties, like 
radiology and pathology. However, this study goes further than these findings 
and proves that AI works not only for the general specialties but also in the 
clinics. The cross-disciplinary orientation of this study, based on various areas 
of medicine, supports the proposition of more extensive utilization of AI in 
health care diagnostics (Silva et al. 2023). 

However, the study does reveal a number of issues related to the 
application of AI in the healthcare industry at the same time. Although AI has 
shown to be very successful particularly in simple tasks in limited scope and 
in specialized-cases, its application in general clinical practice may be 
influenced by other factors such as the quality of data feeding the models, 
how the clinical tools are composed into the existing clinical ecosystem, and 
perhaps most importantly, how capable the clinicians are to assimilate and 
act on the recommendations from the AI tools. The study shows that the use 



2

Special Issue   |   Winter 2025

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�

Assessing the Importance of Various Dimensions of Data ...   |   Hassani et al.

3

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�

Summer 2025

172

of AI can improve the diagnostic accuracy and speed when diagnosing breast 
cancer, but these factors should be considered when implementing AI in 
practice (Sharma et al. 2022). 

This article supports the changes in AI diagnostics within the healthcare 
system by increasing accuracy and efficiency and decreasing errors. These 
findings thus supplement the increasing literature of the prospective of AI in 
healthcare, especially those sectors that demand quick, accurate and 
individualized diagnostic interventions. General, there is great potential to 
enhancing the healthcare efficiencies in health care industry through AI 
technology as it gets adopted by health care industry. However, more 
research and work are needed to realize these benefits when it comes to 
applying AIs in diagnostics and overcoming the challenges related to its 
implementation. 

 
6. Conclusion  
The adoption of AI in healthcare diagnostics represents a significant 
innovation, surpassing traditional diagnostic techniques in attributes such as 
precision, time efficiency, and patient-specific tailoring. This study 
investigates the efficacy of AI-driven predictive algorithms in three critical 
medical fields: oncology, cardiology, and neurology. The implications 
confirmed by the study are clear—AI has the potential to not only improve but 
also transform diagnostic processes, benefiting patients and enhancing the 
delivery of care. 

Among the most notable findings is a 19% increase in diagnostic accuracy 
when comparing an AI model to a clinician. In all three experimental fields, AI 
diagnostics demonstrate superiority over conventional approaches, with 
general accuracy gains of 7-8%. For instance, in oncology, the performance 
of the proposed AI model was 94.6%, compared to 87.3% for traditional 
methods. This improvement is particularly significant in sectors such as 
oncology, where the timeliness and accuracy of diagnosis can be a matter of 
life and death. AI's ability to learn, discover more detail, and analyze large 
volumes of data allows it to detect patterns and abnormalities in medical 
images that clinicians may overlook. This superior accuracy helps reduce 
misdiagnosis and improves healthcare outcomes. 

In addition to accuracy, the study highlights the potential cost savings 
associated with AI-driven diagnostics. The use of AI significantly decreased 

the time required for diagnosis across all specialties. For example, in 
cardiology, AI diagnostics reduced the time to diagnosis by nearly 50%, a 
crucial advantage given the often-critical nature of heart disease symptoms. 
AI's capability to acquire and interpret vast amounts of data within minutes, 
compared to the time-consuming efforts of human experts, alleviates the 
burdens on practitioners and allows them to devote more time to patient care. 

Reducing diagnostic error rates is another important outcome of this study. 
Natural language processing (NLP) models demonstrated lower error rates, 
better specificity, and sensitivity compared to manual methods, resulting in 
fewer false positives and false negatives. This is significant because 
diagnostic errors can lead to improper therapy, patient stress, and higher 
healthcare costs. Enhancing diagnostic reliability is crucial for maintaining 
patient trust, which is vital for overall healthcare quality. 

The study also emphasizes the role of AI in personalized medicine. The 
close correspondence between AI-generated diagnostic suggestions and 
subsequent treatment outcomes demonstrates AI's efficacy in selecting the 
most appropriate approach for each patient. Personalized treatment is 
increasingly regarded as the most effective and promising approach to 
healthcare, particularly for chronic and complex diseases. By integrating 
multiple data sources, such as genetic and lifestyle information, AI can offer 
a more tailored approach to treatment, improving treatment effectiveness and 
increasing patient satisfaction and adherence to treatment regimens. 

Despite these positive findings, it is important to acknowledge the 
limitations and challenges associated with incorporating AI in healthcare 
diagnostics. Challenges include the need to improve the quality and type of 
data inputted into AI models, address ethical issues related to AI decision-
making, and overcome organizational resistance within healthcare 
institutions. Additionally, the interpretability of AI algorithms can be a concern; 
clinicians must understand these algorithms and their decisions to fully 
engage with and utilize these technologies in clinical settings. 

In conclusion, the findings of this study strongly support the proposition 
that AI-based predictive algorithms hold the key to the future of diagnostic 
interventions in healthcare. Through enhanced accuracy, reduced error rates, 
and optimized diagnostic procedures, AI plays a critical role in improving 
patient care and streamlining the healthcare industry. Moreover, AI's potential 
to advance personalized medicine represents a fundamental shift towards 
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individualized patient treatment. As AI technology continues to progress, its 
integration into the healthcare system is expected to gain traction, potentially 
transforming the entire industry. To fully realize these benefits, continuous 
research, effective integration of the IoT, and a proactive approach to 
addressing associated challenges are essential. 
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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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individualized patient treatment. As AI technology continues to progress, its 
integration into the healthcare system is expected to gain traction, potentially 
transforming the entire industry. To fully realize these benefits, continuous 
research, effective integration of the IoT, and a proactive approach to 
addressing associated challenges are essential. 
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