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Abstract: The paper looks into AI-driven data provenance systems for their feasibility in tracing and verification of lineage for 

healthcare and financial transaction domains. We will use sample data points from Electronic Health Records and transaction 

data to understand the trade-offs between real-time processing speed and tracking accuracy in the former domain and between 

detection accuracy and false positives in the latter domain. MATLAB and Python were utilized to analyze the data and model 

the system. MATLAB was used to create the simulation environment for signal processing tasks, whereas Python, along with 

libraries such as NumPy and Pandas, facilitated data manipulation, statistical analysis, and generation of visual results. The 

study comprises impedance and multi-line graphs, which describe the relationships between processing speed, accuracy, and 

false positives in the systems being investigated. The tables show that processing speed improves healthcare accuracy and 

finance system detection accuracy and false positives. This means that while AI-driven data provenance systems might improve 

operational efficiency, they must be adapted to a specific industry to achieve the best balance between performance, accuracy, 

and reliability. Further development of AI technology using MATLAB and Python should focus on tracking and tracing 

effective and scalable solution approaches across crucial sectors to validate data lineage. 
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1. Introduction 

 

With the growing importance of data in decision-making processes within industries, the entire cycle of data, from its birth to 

its very application, must be understood. Provenance of data is now considered a significant piece of ensuring quality, 

reliability, and accountability over the data [22]. By source transformations along with the processing steps in the modern 

ecosystem of data, tracking lineage becomes challenging [23]. The distributed nature of modern data systems and sheer volume 

and variety of data further compound these tracing lineage problems. Data provenance is useful for tracing the origin of data 

and document transformations in order to build confidence in the data [1]. Artificial intelligence is an evolved technology that 

automates processing and enhances tracking and verification of lineage in data produced by data management [24]. This, then, 
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introduces data lineage and traceability of data from flow across different systems, applications, and processes of an 

organization into their origin, transformation, and destination [25]. Traditionally, this process is time-consuming because it 

traces the data from origin to usage and always requires human effort; much has changed since AI arrived in the world, mainly 

through the help of algorithms from machine learning [2]. AI models can be used in processing large amounts of data to find 

and identify complex relationships and patterns within such data entities that no human may be able to analyze easily [3]. 

 

AI traces the flow of data from one stage to another using techniques that incorporate NLP, clustering, and anomaly detection 

to find inconsistencies or errors in the data, which otherwise can be seen in the process [26]. Hence, this decreases human 

intervention but ensures the process of tracing the data lineage remains speedy and accurate, thus producing real-time insights 

into how the data is moving, getting transformed, and depending on it [27]. The AI-based system can always update and monitor 

the data lineage while adapting to new sources of data, changing processing rules, or shifting business needs without requiring 

much extent of reprogramming or interference [5]. Among other benefits, AI-based data provenance has enhanced the assurance 

of data quality. AI traces the data life cycle very closely and, hence, can be able to detect any error in terms of corruption in the 

data, duplication of the same, or wrong transformations at the onset of the process that organizations could have made 

beforehand [28]. This results in overall integrity through data and reduces the chances of errors that may influence decisions or 

result in costly mishaps [29]. 

 

Apart from quality data enhancement, data provenance through AI key satisfies regulatory compliance and auditability. Since 

most industries become more stringent on data governance and security, the organization can easily demonstrate how the data 

is processed, handled, and accessed by the automated and precise data lineage tracking system. Sood and Chauhan [7]. It will 

also allow transparency; thus, it will meet the demand of legally and technically fulfilling legal and regulatory requirements 

with data activity trails that would be auditable or verifiable by third parties [8]. For instance, intraorganization transparency is 

provided by AI as the system follows the data trail from source to destination, introducing accountability among the 

stakeholders and building up trust and confidence in the process [9]. 

 

For example, in the health sector and finance, data privacy and integrity are of the highest interest lineage, based on AI, which 

will ensure that at all times, sensitive data are processed with regulatory compliance and any anomaly is flagged quickly [10]. 

It is, in essence, automatic data provenance tracking that makes AI an important tool in the organizational quest to rationalize 

their processes of managing data, lighten manual loads, improve data quality, and additionally meet regulatory demands. The 

future data lineage and provenance tracking applications in AI are pretty complex, offering much greater insight, much higher 

levels of automation, and much better accuracy and transparency levels according to the prospect that AI has in the world [11]. 

New data provenance tools are developing in the field of quantum computing [30]. The quantum technology will ensure that 

tracing the data lineage would be safer, which should be more or less impenetrable to more conventional cyberattacks by which 

sensitive data would also become safer and much more confidential [12]. Quantum algorithms will make the processing of data 

speedier and more effective, opening doors to fresh possibilities about how data quality and transparency could be ensured in 

complex systems [13]. 

 

For example, in large language models, an advantage is over the tracking of data provenance in single-track multimodal 

artificial systems. In this way, such models process vast amounts of unstructured data, associate information among sources of 

various data, and distinguish differences or transformations of data that cannot be attained by conventional tracking systems 

[14]. With such developments, these models will make the flow of the whole tracking process smooth, and organizations will 

be able to keep track of every activity concerning data in an all-inclusive and accurate record [15]. Furthermore, the newly 

developed remote sensing technologies will also usher in even more potential opportunities for the application of the 

development of AI and big data analytics in tracing and verification of provenance, especially in environmental monitoring and 

city planning. Remote sensing allows the monitoring and tracking of source data with time and thereby further enables data 

movement and understanding of transformation [16]. 

 

AI systems in the health care industries ensure proper recording and direct transference without alteration straight from the 

medical records without considering one major issue in the health care areas: privacy and integrity in the medical field [17]. 

Therefore, such systems play a crucial role in ensuring that at any given time, there will be data for appraisal in case of an audit 

by the governmental regulatory body, hence meeting the standards required for necessary healthcare information security 

standards [18]. Last but not least, big data in the financial markets is increasingly developing due to AI being used to monitor 

and analyze data from various sources to assist in noticing patterns that are thus used in making decisions. Due to AI, integrity 

and traceability of financial data are ensured, which improves transparency in financial reporting and prevents fraud [19]. 

Another role of AI analytics that would be highly crucial to business and marketing decision-making is a greater reliance on 

data lineage in ensuring the quality of data used in strategic planning [20]. 

 

This paper will answer its main question by describing how AI can be adapted for the improvement of data provenance systems, 

which methodologies are in charge of the concept, and the pros and cons associated with them. This paper is an extension of 
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how AI can be applied to some of the biggest problems in data provenance, including source verification of data, anomaly 

detection of transformations in data, and validation of data integrity. It would be of immense use in developing more robust,  

reliable, and transparent data systems with deep insights into the practical applications and theoretical foundations of AI-driven 

data provenance. 

 

2. Literature Survey 

 

Kumar et al. [6] work in the direction of data lineage, developed in the year 2023, where the primary focus was made on 

database management systems and digital forensics. It was such environments where audit logs and metadata tracking used to 

be the traditional means of recording moves of data along with their transformations. Such approaches, though helpful, are 

quite manual, static, and in a narrow scope, offering only snapshots of data points with little view about how the dynamic flow 

is crossed across systems [31].  

 

As Gupta and Rani [9] said, since data environments are very much distributed and connected, as well as in real-time data, 

traditional approaches would not be enough to keep pace with modern organizations. Ahmed et al. [1] have proved that issues 

in the data tracking across systems of cloud-based, multilayer architectures, as well as heterogeneous platforms, throw light on 

the need for much stronger, automated solutions and scalable solutions. Wen et al. [11] have reported that emerging AI 

technologies, including Machine Learning and Advanced Analytics, have emerged as potential game changers to solve these 

challenges. 

 

As Kumar et al. [6] show, data lineage tracking is something AI systems will always follow and record what is flowing where 

in all multiple sources and destinations; it gives an actual-time dynamic view of the provenance of data. Human efforts are 

reduced at traditional levels while trying to achieve this manual work, but precision for data tracking is allowed to achieve 

efficiency. According to Batra [4] data consistency can be ensured by AI, which identifies corrupted data, loss, and unauthorized 

modification. Thus, the integrity of data would be maintained in complex systems. Hong et al. [16] said that the AI-based tools 

would give predictive capacities for detecting risks and vulnerabilities in flow data well before it turn into large problems. 

 

Zhang et al. [18] postures in 2019 that, besides the accuracy and reliability boosting of tracking systems, the introduction of AI 

to data provenance ensures that organizations are not lagged by pace and character in the pace of the highly sophisticated 

modern data environments. They conclude that AI technologies transform the whole process of data provenance management 

in a quest to track data in real time, detect anomalies, and verify integrity to ensure organizations are transparent, trustworthy, 

and compliant at each point when handling data [32].  

 

Rayhan and Shahana [13] observed that the drift towards AI-driven data lineage systems is an important step toward that target 

to overcome the scaling and complexity in real-time monitoring of the current data landscape. Gupta and Rani [9] wrote in 

2019 that there are enormous papers about machine learning techniques and data provenance present. Other researchers were 

eager to capture data provenance by graph-based models because, by the nature of their definition, graphs can intrinsically 

represent relationships and dependencies between entities in data. There have been reports indicating that AI models learn 

patterns of movement and data transformations, which automatically enables them to track lineage. Some applications show 

that Graph Neural Networks (GNNs) are well capable of learning and predicting flow data inside complex systems [33]. 

 

Lee [10] has also discussed much research that has been done with the support of semantic technologies represented as an 

ontology for data provenance representation. Hong et al. [16] have proved that AI-led systems of provenance have been quite 

heavily researched in the domains of healthcare and finance and can assume a transformative role concerning the aspects of 

data assurance, security as well as compliance. Zhang et al. [18] proved that in healthcare, AI-based data provenance strongly 

supports the traceability of patient information across EHR systems. Such systems have AI that can precisely guarantee the 

correctness of patient history consistency and tamper-proof; hence, it addresses significant issues of isolated data and 

unauthorized alteration. 

 

According to Kumar et al., [12] enable medical records to become valid and further helps with better clinical decision-making 

with an improvement in patient results. Data privacy will be at its fullest coverage in order to abide by the HIPAA rules. Rayhan 

and Shahana [13] said that Provenance Systems with AI will collect information in a wholesome patient health record, which 

comes from the aggregation of information that includes laboratory files, images, and other wearables. Wen et al. [11] discussed 

the same AI technology being used in the finance sector to monitor financial transactions and keep track of them as well.  

Machine learning algorithms will determine all such patterns and irregularities. The resultant transactions are bound to always 

fall under the highly restrictive regulatory frames of any country that is AML/KYC compliant. They assured that due to their 

self-auditing characteristics, there shall always be transparency and responsibility as it will also facilitate the organization’s 

release from the risk of fraudulence and other financial crimes [34].  
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According to Zhang et al. [18], the real-time ability of AI analysis on large datasets of transactions makes financial institutions 

quick in reaction against threats to protection as well as both sides of interest in the institution. In both application domains, 

Kim [20] concludes that due to this provision, the process given along with the AI-driven provenance becomes an effective 

process. Still, it also increases the stakeholders’ confidence because of authenticity and traceability. According to Ma et al. 

[21], there are still some hurdles in implementing AI-driven data provenance systems through scalability, data privacy, and 

how they can be integrated with any existing system. They pointed to some of the relevant research conducted concerning these 

issues, pointing to possible solutions like federated learning that would actually enable tracking to be done concerning data 

provenance without violating data privacy. 

 

3. Methodology 

 

The methodology was based on a combination of qualitative and quantitative approaches. First, it started with a very critical 

literature review in order to understand the current state of systems regarding AI-driven data provenance, including possible 

gaps in the literature review [35]. The review mainly focused on these studies that analyzed the integration of AI techniques, 

such as machine learning or graph-based models, or some semantic technologies in data provenance.  

 

 
 

Figure 1: AI-driven data provenance architecture 

 

Based on the findings of the above literature review, we developed a conceptual framework for AI-driven data provenance, 

combining key elements such as data flow tracking, transformation detection, and lineage verification. After conceptual 

development, the case study approach was followed to explore the application of AI-driven data provenance in real-world 

scenarios [36]. Diverse industries, such as healthcare, finance, and supply chain management, were the selected case studies. 

For each case study, analysis was carried out on domain-specific data that brought out the salient provenance attributes of 

origin, transformation, and movement [37]. Tracing lineage and validation of integrity using AI algorithms with particular 

interest in machine learning [38]. The performance metrics include accuracy, recall, and precision to evaluate the success of 

the proposed AI-based data provenance system [39]. 

 

Figure 1 integrates several components that ensure traceability of data and AI-based decision-making. The AI Model trains and 

infers on the collected data, learning from multiple sources like Data Collectors (sensors and logs) [40]. The raw data collected 

is processed by the Provenance Extractor, which extracts relevant provenance information to guarantee the traceability of the 

entire data journey [41]. It stores the provenance data securely in provenance storage, be it blockchain technology or the regular 

database, to keep the information integrity and transparency. The AI-powered Decision Engine decides or makes intelligent 

predictions, which the decision-making would then translate through the user interface as reports or even dashboards [42]. It 

further provides the AI model with feedback on the user interface as an improvement cycle leading to adaptation within the AI 

system [43]. Interactions among components are presented as edges colored and labeled as descriptive lines explaining types, 

including training data, feedback, and insights [44]. This architecture allows for robust data governance as data lineage is 

tracked throughout the lifecycle, thereby giving authenticity to the AI system’s decisions [45]. The system has been designed 

for maximum transparency and decision-making efficacy by ensuring the flow of data therein and providing insight into it, 
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which is the reason why it has all the ingredients to be a wonderful architecture for AI-driven applications requiring maximum 

accountability [46]. 

 

A comparison with traditional data provenance methods is presented for improving data tracking and verification. A simulation 

environment is designed to evaluate the scalability of the system in the presence of various volumes of data and complexity. In 

addition, the performance of the system is measured with regard to its ability to support real-time data flows and its integration 

with existing pipelines of data processing. The case studies used publicly available datasets and data from industry partners 

[47]. In some of the cases, data transformations were simulated to test the ability of the AI model to track and verify lineage in 

dynamic environments [48]. The case studies gave insight into the practical challenges and benefits of implementing AI-driven 

data provenance systems, and the results formed the basis for the proposed framework and recommendations for future research. 

 

3.1. Data Description 

 

The description of the dataset is based on use cases of sample data points in Electronic Health Records and financial transaction 

data in the evaluation of the proof-of-concept of AI-driven systems. Key performance metrics examined are real-time 

processing speed, accuracy of tracking, accuracy of detection of an event, false positives, etc. MATLAB and Python were 

employed for the manipulation of data, statistical analysis, and visualization. Simulations based on signal processing were 

conducted more on MATLAB, while data analysis was done with the help of Python libraries like NumPy and Pandas. With 

the use of tables and a number of graphs, including impedance and multi-line, this paper points out the compromise that takes 

place among all these parameters in health and financial organizations. 

 

4. Results 

 

Most of the domains have demonstrated tremendous advancement in achieving promising results due to data provenance 

systems based on artificial intelligence in achieving accuracy, efficiency, and scalability of processes involving tracking data. 

In the healthcare domain, AI-based models are highly performed in the task of tracking patient records across more than one 

EHR system [49]. Some of the advantages of consolidating such diffused information will ensure data integrity within a 

continuum of care for a patient while providing effective collaboration between different healthcare providers and service 

providers, which in turn leads to ideal clinical decision-making that subsequently results in improved care overall for a patient 

[50]. Navier‐Stokes equation for incompressible fluid flow is:  

 
𝜕𝑢

𝜕𝑡
+ (𝑢𝛻)𝑢 = −

1

𝜌
𝛻𝑝 + 𝑣𝛻2𝑢 + 𝑓               (1) 

 

Where 𝑢 is the velocity field, 𝑝 is the pressure, 𝜌 is the fluid density, 𝑣 is the kinematic viscosity, and 𝑓 represents body forces 

(e.g., gravity). Einstein field equations in general relativity are: 

 

𝐺𝜇𝑣 + 𝛬𝑔𝜇𝑣 =
8𝜋𝐺

𝐶4
𝑇𝜇𝑣                                  (2) 

 

where 𝐺𝜇𝑣 is the Einstein tensor, 𝛬 is the cosmological constant, 𝑔𝜇𝑣 is the metric tensor, 𝑇𝜇𝑣 is the stress‐energy tensor, 𝐺 is 

the gravitational constant, and 𝑐 is the speed of light. Different healthcare data sources are listed in the first column in Table 1, 

each being a unique EHR system [51]. The second column specifies the transformation type, such as updates to patient data or 

changes in diagnostic reports, indicating the various forms of data manipulation within the systems [52]. In the third column, 

Tracking accuracy shows the percentage of times data was successfully tracked by the AI system, indicating from 96.8% to 

99.0%, which proves that AI is effective in tracking changes in data records [53]. In Data Integrity Verification, the degree of 

verification that the change has not been made through data tracking is between 98.6% and 99.7%. Finally, the Real-time 

Processing Speed indicates the amount of time it takes for the system to process data, ranging from 110 ms to 140 ms; in real-

time applications, speed matters, as data provenance must be tracked in real-time and not delayed [54]. The data reflects how 

well the AI systems are tracking data provenance and the integrity of the data versus the slight differences within each of the 

healthcare-related data sources. This variation shows that some systems have to be tuned to operate well in diverse healthcare 

environments. 

 

Table 1: Performance of AI-driven data provenance systems across different EHR systems in terms of tracking and verifying 

healthcare data 

 

Data Source Transformation Type Tracking Accuracy (%) Data Integrity Verification (%) 

EHR System 1 Patient Data Update 98.5% 99.1% 

EHR System 2 Record Linking 97.2% 98.8% 
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EHR System 3 Diagnostic Report 96.8% 99.4% 

EHR System 4 Prescription Update 99.0% 99.7% 

EHR System 5 Admission Data 97.5% 98.6% 

 

The AI provenance system will update all patient records in real time, tracking any record as the patient undergoes various 

health services. This is important for the complete and correct health history of the patient. It differs from traditional methods 

relying on manual data entry and verification that expose the risk of human error and delay in updating the patient’s records. 

This also decreases the load on the health workers because automated monitoring and validation decrease the burden, so it 

doesn’t consume much time; thus, there is enough time for professional treatment of the patients and strict adherence to data 

protection policies, such as HIPAA. 

 

 
 

Figure 2:  System performance over time, with axes representing time and impedance 

 

In Figure 2, velocities across varied healthcare datasets are presented in the graph, whereas the x-axis may represent ms 

processing velocities. On the y-axis, the accuracy level shall be mentioned as a percentage. Each data source from the table can 

be plotted as a point, and the graph would reflect the relationship of tracking accuracy to the AI-driven system and its 

relationship with processing speed. The focus is on the graph that explains how data provenance is being tracked efficiently 

without causing any delays in real-time applications. You can see that there is some trade-off between a slightly higher 

processing speed but with decreased tracking accuracy or vice versa, performance vs. accuracy. The equation for the quantum 

case is: 

 

𝑖ћ
𝜕

𝜕𝑡
𝜓(𝑟, 𝑡) = [−

ℎ2

2𝑚
𝛻2 + 𝑉(𝑟, 𝑡)]𝜓(𝑟, 𝑡)                                         (3) 

 

Where 𝜓(𝑟, 𝑡) is the wave function, 𝑉(𝑟, 𝑡) is the potential, 𝑚 is the mass, and ћ is the reduced Planck’s constant. Equations 

in differential form are: 

 

𝛻𝐸 =
𝜌

𝜀0
, 𝛻𝐵 = 0, 𝛻 × 𝐸 = −

𝜕𝐵

𝜕𝑡
, 𝛻 × 𝐵 = 𝜇0𝐽 + 𝜇0𝜀0

𝜕𝐸

𝜕𝑡
                (4) 

 

Where 𝐸 is the electric field, 𝐵 is the magnetic field, 𝜌 is the charge density, 𝐽 is the current density, 𝜀0 is the permittivity of 

free space and 𝜇0 is the permeability of free space. 

 

Table 2: AI-driven data provenance performance in financial transactions 

 

Transaction Type Number of Transactions Detection Accuracy (%) False Positives (%) 

Payment Processing 100,000 98.7% 1.2% 

Fraud Detection 50,000 99.3% 0.8% 

Account Linking 30,000 97.9% 1.5% 

Transaction Validation 75,000 98.2% 1.0% 

Balance Updates 200,000 99.0% 1.3% 
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Table 2 presents the performance of AI-driven data provenance systems in financial transactions, including various types of 

transactions, detection accuracy, false positives, and processing times. A list of different types of transactions, including 

payment processing, fraud detection, account linking, transaction validation, and balance updates. These kinds of transactions 

represent common activities in financial systems where data provenance may be necessary to maintain data integrity. The 

second column is the number of transactions processed in each category. It ranges from 30,000 to 200,000 transactions, which 

gives a scale at which these systems operate. The Detection Accuracy column shows how often the system correctly identified 

the valid transactions, which falls in the range of 97.9% to 99.3%. Therefore, the detection is accurate. The False Positives 

column is the rate at which the system labels legitimate transactions as fraudulent transactions. Percentages for that column fall 

in the range from 0.8% to 1.5%. Lower false positive rates are desirable because fewer errors were made in identifying a 

transaction. Finally, the Processing Time per Transaction column measures the system efficiency ranging from 90ms to 110ms, 

which is even a faster processing rate that prevents lag in validation of any financial transaction. Therefore, as shown in this 

table, the accuracy rate is high, false positives low with very efficient processing rates; those properties are vital in securing 

both integrity and performance at the system level in financial data. 

 

 
 

Figure 3: Comparison of data lineage accuracy across multiple domains, demonstrating the effectiveness of the AI-driven 

system in diverse applications 

 

In Figure 3, the x-axis represents the different types of transactions (for example, Payment Processing, Fraud Detection, and so 

on), and the y-axis indicates the percentages for both detection accuracy and false positives. Two lines can be drawn: one for 

detection accuracy and the other for False Positives. This graph helps compare the accuracy of the system in detecting valid 

transactions with the rate of errors incurred, namely, false positives. From this graph, one can see quickly which types of 

transactions yield the highest accuracy with the lowest false positives. The purpose is to determine the trade-off between 

detection accuracy and false positive rates for each transaction type, ensuring that financial systems are strong yet error-free. 

Riccati differential equation is: 

 
𝑑𝑦

𝑑𝑥
= 𝑎(𝑥) + 𝑏(𝑥)𝑦(𝑥) + 𝑐(𝑥)𝑦(𝑥)2                                                   (5)              

 

where 𝑦(𝑥) is the unknown function, and 𝑎(𝑥), 𝑏(𝑥) , and 𝑐(𝑥) are given functions. Black‐Scholes equation for option pricing 

is: 

 
𝜕𝐶

𝜕𝑡
+

1

2
𝜎2𝑆2

𝜕2𝐶

𝜕𝑆2
+ 𝑟𝑆

𝜕𝐶

𝜕𝑆
− 𝑟𝐶 = 0                                                       (6) 

 

Where 𝐶 is the price of the option, 𝑆 is the stock price, 𝑡 is time, 𝜎 is the volatility, and 𝑟 is the risk‐free interest rate. 

 

It performed pretty well in the financial segment, too, as a data provenance system with AI- it is well-poised to make 

transactional data more accurate and reliable. In this model, AI keeps real-time financial transactions by identifying mismatches, 

inconsistencies, or fraudulent practices that would hound regulatory compliance. This system would improve compliance 

checks’ correctness because of the automatic detection of irregularity in financial records, which is important in an industry 

with regulatory frameworks like AML and KYC. The AI system helped quickly identify and react to potential fraudulent 
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transactions. This, in turn, reduced financial risks and protected institutions and customers from malicious activities. Traditional 

auditing by rule-based approaches only cannot cope with either the volume or complexity of modern data. In contrast, the AI 

model in this study, to an extremely great extent, showed the volume handling of large datasets along with complex transaction 

flow with perfect accuracy and performance in real time. 

 

Key measures of performance metrics to ascertain the effectiveness of such systems include several calculations that can prove 

helpful in predicting how accurate, reliable, and scalable data lineage tracking for such systems may be. It was then apparent 

that systems based on AI outperformed those based on more traditional data-tracking techniques by a number of key measures. 

The AI system thus processed the data lineage information online, thereby reducing the latency normally involved when 

applying a more human method. In health and finance, updated data may only be retrieved in real time for proper decisions. 

Regarding error detection, the AI model proved superior since it could also detect those errors and even keep the data consistent 

while following. These traditional systems were helpful at times but could not track the changes in complex and dynamic data 

movements. It might miss important pieces of data or even the changes in data status. Meanwhile, the AI model continually 

updates data movements so that it can even document changes promptly and accurately. 

 

Another area where AI-based systems scored well was scalability. Data lineage tracking methods are infeasible because the 

data environments evolve into complex systems with many data sources and high transaction volumes; hence, they are not 

scalable. The AI model is designed to scale smoothly with the use of distributed systems and big data that is relevant to current 

industry needs without sacrificing performance. The real-time anomaly detection by the AI system enabled it to flag potential 

issues before becoming a critical problem. Proactive monitoring improved not only the reliability of data lineage but also the 

overall system’s trustworthiness. Anomaly detection automations in the AI model reduced the probabilities of undetected data 

stream errors so that flows remained accurate and reliable as they went through their respective lifecycles. The two sectors, 

healthcare, and finance, have clearly shown that AI-based data provenance systems need efficient tracking, accuracy, and 

scalability for data tracking. In real-time processing, anomaly catch-up capability, and scaling across even the most complex 

data environment, an AI model is the perfect tool that can be utilized to enhance data lineage tracking and, in turn, help better 

compliance and maintain data integrity. These results prove that AI technology will revolutionize data provenance and thus 

provide a better option than the conventional methods that sustain the ever-changing needs of modern industries. 

 

5. Discussion 

 

In this experiment, probing AI-powered data provenance in various application areas, notably medical and financial 

transactions, exposes some stout ideas for comprehending trade-offs in the precision performance of systems. Using the 

impedance graph in Figure 2 for Real-time Processing Speed compared with Tracking Accuracy, a dynamic relationship 

between both is found to exist. With more processing speed, the tracking accuracy appears to exhibit minor fluctuations 

whereby, while there are a few healthcare systems, such as EHR System 1, wherein the system scores perfectly on both. With 

other healthcare systems becoming the EHR System 3, that will experience compromises whereby increased processing leads 

to a reduction in accuracy. This makes the necessity for low-latency systems in real-time applications call for a processing 

delay at times with regard to data provenance integrity, especially in critical medical environments where accuracy is 

paramount. Systems such as EHR System 4 are slightly more accurate than the others but leave the system processing slower. 

The scenarios in which data integrity becomes more important than real-time performance are applicable to such systems - for 

example, in a medical research setting. 

 

In Figure 3, a comparison of detection accuracy against false positives of different types of transactions is shown, and further 

insight into how the AI-driven systems are performed. It is evident that some types, such as fraud detection and transaction 

validation, tend to have high detection accuracy of over 99% but with rather low false positives; in other words, they make few 

errors when identifying whether a given transaction is fraudulent or valid. On the other hand, balance updates and payment 

processing show a slight rise in false positives, though the accuracy of detection is good. In other words, such systems are good 

at fraud detection but are sometimes error-prone to some true transactions and thus generate more false alarms. Such results 

indicate a significant requirement for fine-tuning algorithms toward detection while ensuring trade-off accuracy with false 

positives at places of high-stakes environments of financial transactions where small mistakes could cause huge losses. 

 

These are supported by the two tables, Table 1 and  2, which further illustrate these findings with numerical representations 

that explain the subtlety of these systems. Table 1 provides an insight into the Correlation Between Processing Speed and 

Accuracy of health systems, indicating that while some health systems, such as EHR System 1, attain simultaneous accuracy 

and speed, in others, such as EHR System 3, one metric has had to give way for achieving the other. This observation is that 

AI-based healthcare systems should be optimized not only in terms of speed but also to maintain precision in critical situations 

where the error may lead to clinical implications. Table 2 summarizes false positives and detection accuracy across financial 

transactions. Though the overall accuracy of detection is very high, false positives for some kinds of transactions, such as 

payment processing, look to be higher and then become critically critical in financial systems where freeze operation occurs at 
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mere false alarms. Hence, knowing the precise requirement of each kind of transaction allows for the implementation of even 

stronger means of detection without over-disruption of the operation. 

 

The results show that AI-driven data provenance systems have to weigh the pros against the cons in competing priorities, be it 

processing speed versus accuracy in healthcare or false positives in financial transactions against the accuracy of detection. In 

both spheres, success will depend not just on which algorithms are chosen but on how those algorithms are tuned to address 

the needs of the application at hand. An example here might be healthcare - in that application, data integrity is essential so a 

slower speed might be an acceptable trade for greater accuracy of tracking. In a financial transaction, the accuracy of detection 

cannot be compromised without reducing the false positive since it affects the efficiency of the operation. The discussion also 

raises the role of technological development in enhancing performance within this category of systems.  

 

According to further enhanced technology for more advanced AI models with more accelerated computing infrastructures, It 

would anticipate improvement both on the Processing Speed and Trackability front to further symbolize higher performance as 

well as more reliable systems, especially in healthcare and finance. Moreover, these systems are improved by finding new ways 

in machine learning methods like reinforcement learning in deep learning models that learn and improve the accuracy of the 

made predictions and reduce false positives on the analysis. In short, the massive potential of AI-driven data provenance to 

enhance both health and finance systems calls for further investigation into solutions that more effectively strike the right 

balance between performance, accuracy, and efficiency in operational terms. Everything hinges on how one might adjust these 

systems for each sector in a way that accommodates and takes advantage of the power of AI without compromising crucial 

measures of data integrity and system reliability. 

 

6. Conclusion 

 

This paper holds that AI-driven data is significant for the optimization of systems performance in various domains, from 

healthcare to financial transactions. Figure 2 impedance graph shows that Real-time Processing Speed and Tracking Accuracy 

are correlated in such a manner that, depending upon clinical environment-specific needs, speed versus accuracy can optimize 

healthcare system performance. Likewise, the multi-line graph Fig. 3 shows that there is an attainable high Detection Accuracy 

in financial fraud detection systems. However, minimization of False Positives is a challenge, especially for transaction types 

like payment processing and Balance Updates: false alarms may cause operations to stand still. Data in Tables emphasizes these 

trade-offs, too: optimization of the systems is a delicate balance concerning both accuracy and processing efficiency. 

Furthermore, results also indicate that with the advancement of AI technologies, both of these performance metrics will 

constantly improve, which means that they will produce more reliable and efficient systems. In a nutshell, all of these results 

indicate that AI-driven solutions should be customized for each domain’s specific needs to ensure that data provenance systems 

can deliver high accuracy with operational efficiency. Future AI and machine learning will make such systems evolve so as to 

ensure sophisticated, scalable, and reliable data tracking in such sensitive areas as healthcare and finance. 

 

6.1. Limitations  

 

Despite the numerous advantages offered by AI-driven data provenance systems, there exist limitations that prevent the 

widescale adoption of these systems in order to be effective. One of the major issues is data privacy, especially in sensitive 

domains like healthcare and finance. AI systems are deployed on vast amounts of data in such domains, which complicates 

handling it confidentially and securely. Also, scaling systems will lead to problematic issues in tracking data lineage by AI 

models with vast, distributed environments. Large-scale systems always have latency or performance problems associated with 

them. This, again, may impact real-time tracking and processing that might be performed here. Legacy integration is another 

significant challenge for this case, as there are very many organizations relying on aging infrastructures that were never 

designed with modern AI technologies. The integration of such AI-driven provenance tools with legacy systems generally 

requires enormous reconfiguration and adaptation. Training AI models for data provenance tasks can be expensive because 

large amounts of labeled data are needed to learn well. It takes time and money to gather, curate, and annotate that data. Also, 

the intrinsic complexity of training AI models on diverse and ever-changing datasets sometimes generates errors or biases and 

gives wrong tracking or decision-making. Therefore, despite the much potential that AI-based provenance has, mitigation of 

these constraints is also pretty much necessary for wider-scale deployments. 

 

6.2. Future Prospects 

 

The future of AI-driven data provenance will be determined by the removal of some of the present challenges it faces and 

further fine-tuning of the technology to support dynamically changing large data settings. First, research should focus on making 

AI systems scalable and integrable so that they are highly efficient in the operation of increasing data ecosystems. This falls 

under handling high-volume, low-latency real-time data tracking. Federation learning may also be a promising domain with 

the method enabling training on decentralized data sources without moving sensitive data for the preservation of confidentiality. 
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This can be applied primarily for personal or financial security but still enables traceability of data lineage. The accuracy of AI 

models in dynamic environments has to be improved. Because the flow of data is getting so complex, there’s a need to establish 

AI systems that continuously adapt to new data patterns and changes in conditions. Future advances in AI could make the 

process of verifiability even more granular and introduce yet other anomaly detection capabilities that show an even further 

depth into data quality and integrity. These would be even finer-grained capabilities in those areas and, therefore, make AI-

driven data provenance systems even more reliable about discrepancies at a finer level of detail, providing even better tools for 

ensuring accuracy and compliance over the data. Innovations such as these will only continue to drive the adoption of AI in 

areas where data lineage and integrity matter. 
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