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Abstract: Distributed software systems face significant challenges related to data quality due to their 

complex, decentralized architecture. These systems often involve multiple nodes responsible for 

processing and storing data, making it difficult to maintain consistency and ensure accurate data across 

the entire network. In particular, issues like data inconsistency, latency, and data fragmentation are 

prevalent in distributed environments. To address these challenges, this study proposes an integrated 

data quality governance strategy that combines real time monitoring and automated anomaly detection 

using machine learning models. The proposed strategy aims to improve data consistency, enhance 

anomaly detection capabilities, and reduce the need for manual intervention, ultimately improving 

overall data governance in distributed systems. Real time monitoring ensures immediate identification 

of data issues as they occur, while machine learning models, such as autoencoders and Isolation Forests, 

automate the detection of anomalies based on high reconstruction errors and data isolation techniques. 

The study evaluates the proposed strategy through real-world distributed system scenarios, comparing 

its effectiveness to traditional approaches like periodic audits and manual validation. Results 

demonstrate that the integrated approach leads to faster anomaly detection, reduced data 

inconsistencies, and improved overall system performance. The use of advanced machine learning 

techniques and real time analytics significantly enhances the system's ability to maintain high data 

quality standards across multiple distributed nodes. This strategy has wide-ranging implications for 

industries that rely on distributed systems, such as finance, healthcare, and IoT, where data integrity is 

essential for operational success. Future research can focus on integrating more advanced machine 

learning techniques and optimizing the real time monitoring framework to handle larger and more 

complex systems. 

Keywords: Anomaly Detection; Data Quality; Distributed Systems; Machine Learning; Real Time 

Monitoring. 

1. Introduction 

Distributed software systems are increasingly prevalent due to their ability to handle 
large-scale, decentralized data sources. However, these systems face significant challenges 
regarding data quality due to their complexity and the decentralized nature of their data 
sources. These systems often involve multiple nodes that handle data concurrently, making it 
difficult to maintain a consistent and accurate view of data across the entire system. The rapid 
growth of data from various sources, such as the Internet and low-cost sensors, further 
complicates the management of data quality. In particular, issues like data inconsistency, 
integration of heterogeneous data, and data overload have become prevalent [1]. Traditional 
data management approaches struggle to keep pace with the scale and dynamic nature of 
modern distributed systems [2]. 

One of the primary challenges in these systems is the inconsistency of data, which arises 
from integrating heterogeneous data sources. These sources often have conflicting formats 
and varying standards, leading to redundancy and conflict in the data. Additionally, 
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decentralized data sources complicate the maintenance of global consistency and privacy, as 
each node may have its own local rules for handling data [3]. The dynamic nature of these 
systems, where data is allocated and moved across nodes based on load and network 
conditions, adds another layer of complexity. Maintaining data quality in real time across 
decentralized nodes becomes a difficult task, especially as systems scale. Furthermore, fault 
tolerance becomes an issue when ensuring that data remains consistent and high-quality 
during system failures or network partitions [4]. 

The integration of data from multiple sources with differing quality standards often leads 
to data quality variability, where the accuracy, completeness, and relevance of data vary 
significantly. This variability can degrade the overall quality of data within the system, leading 
to incorrect conclusions and reducing the reliability of the system [5]. Additionally, the 
dynamic and decentralized nature of distributed systems makes it difficult to maintain a 
consistent and integrated view of the data. As data is continually allocated across various 
nodes, achieving a consistent data state across the entire system becomes increasingly 
challenging. Managing fault tolerance and load balancing while maintaining data quality 
further complicates the issue, emphasizing the need for more robust data governance 
strategies [6], [7]. 

Distributed software systems often encounter significant challenges related to data 
quality due to their complex, decentralized architecture. These systems, which rely on multiple 
nodes for data storage and processing, face difficulties in maintaining consistency and 
ensuring accurate data across the entire network. As the volume and variety of data generated 
by different sources, such as IoT devices and low-cost sensors, continue to grow, so do the 
complexities involved in managing data quality in real time. These challenges often result in 
issues such as inconsistent data and delayed detection of anomalies, which can undermine the 
reliability of the system and the quality of decision-making processes [8]. 

The primary objective of this study is to design a robust and integrated data quality 
governance strategy that combines real time monitoring with automated anomaly detection 
techniques. This approach seeks to address the limitations in existing systems, where data 
inconsistencies and delayed identification of data issues often impair system performance and 
reliability. By leveraging advanced technologies such as artificial intelligence (AI) and machine 
learning (ML), this strategy aims to improve the accuracy of anomaly detection and enhance 
the overall governance of data quality across distributed systems. The use of real time 
monitoring ensures that data anomalies can be detected and corrected as they occur, thus 
maintaining the integrity of data throughout the system [9], [10]. 

This study contributes to the field by proposing a novel framework that integrates AI 
and ML-based automated anomaly detection with real time monitoring. By using distributed 
computing frameworks and AI technologies, the proposed strategy offers enhanced 
scalability, allowing systems to efficiently handle large-scale data environments while 
maintaining high performance. The integration of AI and ML allows for adaptive anomaly 
detection, enabling the system to respond dynamically to evolving data patterns and improve 
both the detection accuracy and response time [11], [12]. The proposed approach also ensures 
improved data consistency and early detection of data issues, reducing the risk of erroneous 
data impacting decision-making processes and business operations [13]. 

 

2. Literature Review 

Distributed Software Systems and Data Quality Issues 

Distributed software systems are increasingly prevalent due to their ability to manage 
and process large-scale data across multiple nodes. However, these systems face significant 
challenges, particularly in terms of data quality. One of the primary issues is data 
fragmentation, where data is split across various nodes, making it difficult to integrate and 
retrieve consistently. This fragmentation can result in inefficiencies and errors, especially in 
critical sectors like healthcare, where data interoperability is essential [14]. The decentralized 
nature of these systems complicates the maintenance of a consistent view of the data across 
the network, with each node potentially storing data in different formats or using different 
standards. As a result, ensuring data consistency and integrating fragmented data becomes a 
major challenge. 
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Latency is another critical challenge in distributed systems. The time delay between data 
processing and communication across nodes can significantly impact the efficiency of the 
system. This latency is particularly problematic in real time applications where timely data 
access is crucial [1]. To address this, techniques such as optimized data fragmentation and 
replication are often employed to mitigate the effects of latency by ensuring that data is readily 
available across nodes without significant delays [15]. In addition to latency, data 
inconsistency remains a pervasive issue, primarily due to the asynchronous nature of data 
updates and the inherent fault tolerance mechanisms in distributed systems. As updates are 
made independently across various nodes, conflicts often arise, leading to inconsistent data. 
Techniques such as data replication and fault tolerance mechanisms are essential to maintain 
data consistency and ensure the reliability of the system [16]. 

Real-Time Monitoring in Distributed Computing Environments 
Real-time monitoring plays a critical role in distributed system governance by enabling 

continuous observation of system performance and network activities. Through real-time 
monitoring, organizations can detect system disruptions, abnormal data traffic patterns, and 
potential cybersecurity threats at an early stage before they significantly affect overall system 
performance. The implementation of Internet of Things–based monitoring systems 
demonstrates the capability to collect and analyze environmental and operational data 
continuously, thereby improving data supervision and system reliability [17]. 

In addition, real-time monitoring mechanisms are essential for maintaining service 
continuity in cloud environments that are vulnerable to cyber threats such as Distributed 
Denial of Service (DDoS) attacks. Security models based on Zero Trust architecture and 
container-based infrastructures allow organizations to monitor network activities more 
rigorously while ensuring that services remain operational even during cyberattack incidents. 
Such approaches enhance system resilience and support continuous service delivery in cloud-
based distributed systems [18]. 

Existing Data Quality Governance Strategies 

Several data quality governance strategies have been implemented to address these issues 
in distributed systems. Traditional approaches include manual validation, where data is 
manually checked for errors and inconsistencies. While this method ensures accuracy, it is 
labor-intensive and may not scale well with the increasing volume and complexity of data [19]. 
Another common approach is periodic audits, which involve scheduled checks to ensure data 
quality. However, this method is limited in its ability to detect real time data issues and does 
not address the dynamic nature of modern distributed systems [10]. 

Rule-based validation is another traditional strategy used to enforce data quality 
standards. In this approach, rules are defined to automatically check data against predefined 
criteria. While effective in certain contexts, rule-based systems often fall short in handling the 
complexities of big data and the dynamic nature of cloud environments [20]. As systems grow 
larger and more complex, the traditional methods struggle to keep up with the scale and 
dynamism of distributed systems. To overcome these limitations, AI and ML integration has 
emerged as a modern approach to data governance. These technologies automate anomaly 
detection, enhance data profiling capabilities, and improve decision-making processes by 
adapting to dynamic data environments [10]. These advancements not only reduce the need 
for manual intervention but also offer scalable, adaptive solutions for real time data quality 
management. 

Real time Monitoring and Streaming Analytics 

Real time monitoring and streaming analytics are crucial components in modern 
distributed systems, where large volumes of data are generated at high speeds and need to be 
processed instantaneously. One of the main challenges in real time data processing is the 
volume, variety, and velocity of streaming data. These systems must handle a large amount of 
data in diverse formats and at high speeds, making the real time processing of data both 
complex and resource-intensive [21]. This challenge is particularly evident in areas such as 
Internet of Things (IoT) and sensor networks, where real time decision-making is vital for 
system performance. To overcome these challenges, systems must be both scalable and 
capable of providing low-latency outputs, ensuring that data can be processed quickly and 
efficiently [22]. Furthermore, resource optimization is essential to manage the computational 
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and communication resources effectively, ensuring that the system operates efficiently while 
handling the dynamic nature of streaming data [23]. 

Key tools used in real time monitoring and streaming analytics include data ingestion, 
stream processing, and data storage solutions. For data ingestion, tools like Apache Kafka 
and Flume are widely used to handle large volumes of streaming data, ensuring that the data 
can be ingested into the system efficiently [24]. Stream processing frameworks such as Apache 
Spark, Storm, Samza, Flink, and Kafka Streams provide robust solutions for processing data 
in real time, offering advantages in terms of performance, fault tolerance, and scalability [25]. 
For storing processed data, solutions like HBase, Hive, Cassandra, and MongoDB are 
employed to provide persistent storage, enabling further analysis and reporting [26]. These 
tools collectively play a critical role in ensuring that streaming data can be ingested, processed, 
and stored efficiently for real time analytics. 

The integration of machine learning (ML) models and advanced analytics into real time 
streaming systems has also become a critical aspect of improving the system's ability to handle 
large-scale data environments. Machine learning models, such as those used for predictive 
analytics and anomaly detection, provide deeper insights into the data, enabling real time 
decision-making and proactive issue resolution [27]. Additionally, edge and fog computing 
paradigms have gained prominence, as they enable the processing of data closer to the source, 
thereby reducing latency and optimizing bandwidth usage [28]. These advancements in 
streaming analytics and real time monitoring are transforming industries by enabling faster 
decision-making and improving operational efficiency, especially in sectors like healthcare, 
telecommunications, and manufacturing [29]. 

Machine Learning and Anomaly Detection 

Machine learning (ML) has become an essential tool for anomaly detection, particularly 
in real time data environments where rapid identification of outliers and data inconsistencies 
is crucial. Unsupervised learning techniques, such as autoencoders and Isolation Forests, are 
widely used in anomaly detection systems that lack labeled data. Autoencoders, for example, 
learn efficient representations of the data and detect anomalies by identifying high 
reconstruction errors, making them particularly effective for high-dimensional data sets [30]. 
Isolation Forests detect anomalies by partitioning data points into smaller subspaces, and they 
show strong performance in noisy and high-dimensional environments [31]. These 
unsupervised methods are especially useful for real time anomaly detection in dynamic 
systems, where labeled data is scarce or non-existent. 

On the other hand, supervised learning methods, such as Random Forests and Support 
Vector Machines (SVMs), can achieve high accuracy in anomaly detection but require labeled 
datasets for training. Although they excel in structured environments where data is 
categorized, they are limited by the availability and quality of labeled data [32]. Deep learning 
approaches, such as Generative Adversarial Networks (GANs) and autoencoders, offer 
advanced solutions for real time anomaly detection by learning the normal data distribution 
and detecting deviations. GANs, for instance, generate normal data and identify anomalies 
based on the learned distribution, while autoencoders focus on dimensionality reduction and 
anomaly detection through high reconstruction errors [33]. These deep learning techniques 
are highly effective in applications requiring real time decision-making, such as video 
surveillance and industrial monitoring [34]. 

In addition to these methods, hybrid models that combine different techniques, such as 
reinforcement learning with transformers, are being explored to improve the robustness and 
accuracy of anomaly detection systems. By leveraging the strengths of each approach, hybrid 
models aim to enhance detection accuracy, reduce false positives, and improve system 
responsiveness in complex, dynamic environments [35]. These advancements in machine 
learning are crucial for handling the increasing complexity and volume of data in distributed 
systems, offering scalable and adaptive solutions for anomaly detection across various 
industries. 

Gaps in Current Solutions 

Despite the advancements in machine learning and anomaly detection, current data 
quality governance solutions still face several critical gaps. One of the primary issues is the 
lack of standardization in data quality reporting, which leads to fragmented and inconsistent 
practices, especially in industries like architecture, engineering, and construction (AEC). This 
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lack of standardization makes it difficult to ensure uniformity in data quality measures and 
governance practices across different sectors [36]. Another significant gap is the absence of 
holistic approaches in current data governance solutions. Many existing strategies focus on 
isolated data quality attributes, such as accuracy or completeness, but fail to address the 
comprehensive nature of data governance, which requires a broader, system-wide approach 
to ensure effective management [37]. 

Furthermore, there is a growing need for better integration with data protection 
frameworks. Data quality governance solutions often operate independently of data 
protection regulations, which can lead to compliance issues and biases in data-driven decision-
making processes. Aligning data quality with data protection standards is essential to ensure 
the integrity and security of data, especially when handling sensitive information [38]. Finally, 
global data governance remains a challenge due to the lack of a unified framework for 
international data transfers and the complexities of new data collection methods. The absence 
of a comprehensive global governance structure makes it difficult to manage data across 
borders, especially as data privacy regulations and standards vary significantly between regions 
[39]. 

These gaps highlight the need for new strategies that not only integrate AI and ML for 
enhanced data quality governance but also address issues related to standardization, 
comprehensive governance, and compliance with regulatory frameworks. The development 
of standard frameworks for data governance and the integration of AI and ML technologies 
into these frameworks can help bridge these gaps, leading to more effective and scalable 
solutions for data quality management [10]. 

3. Proposed Method 

This study adopts a design science methodology to develop an integrated data quality 
governance strategy aimed at improving data consistency and quality in distributed software 
systems. The approach focuses on real time monitoring and automated anomaly detection, 
leveraging both supervised and unsupervised machine learning techniques to detect data 
inconsistencies. Key data quality metrics such as consistency, accuracy, and completeness are 
used to assess the effectiveness of the strategy. Tools like Apache Kafka and Apache Flink 
facilitate real time data ingestion and stream processing, while machine learning models like 
autoencoders and Isolation Forests are applied for anomaly detection. The strategy is 
evaluated through real-world scenarios, measuring its ability to detect data quality issues early, 
with the results compared to traditional methods such as periodic audits and rule-based 
validation systems. 

 

 
 

Figure 1. Flowchart structure. 

Research Approach 

This study uses a design science methodology to develop an integrated data quality 
governance strategy that addresses challenges in distributed software systems. The design 
science approach is particularly effective for creating and evaluating solutions to real-world 
problems by developing innovative artifacts and rigorously assessing their performance. In 

Research and 
Method

Research Approach

Description of the design 
science methodology used in 

the study, focusing on the 
design and evaluation of a 

new data quality governance 
strategy.

Data Quality Metrics

Discussion on the metrics 
used to assess data quality in 

distributed systems (e.g., 
consistency, accuracy, 

completeness).

Real time Monitoring 
Framework

Explanation of the real time 
monitoring approach and 

streaming analytics used to 
collect and process data in 

real time.

Anomaly Detection with 
Machine Learning

Overview of the machine 
learning models applied for 

anomaly detection, including 
supervised and unsupervised 

learning techniques.

Evaluation Methodology

Description of how the 
proposed governance 

strategy is evaluated through 
real-world distributed system 

scenarios, focusing on its 
effectiveness in detecting 
data quality issues early.



Big Data Analytics and Data Science 2026 (March), vol. 1, no. 1, Bakti, et al. 28 of 34 
 

 

this case, the research focuses on designing a strategy that combines real time monitoring and 
automated anomaly detection to enhance data consistency and quality. This methodology 
involves iterative cycles of design and evaluation, where feedback from real-world scenarios 
is used to refine the proposed solution. The goal is to create a practical and scalable approach 
to data quality governance in dynamic environments where traditional methods are 
insufficient. 

Data Quality Metrics 

The study evaluates data quality in distributed systems using key metrics: consistency, 
which ensures uniformity across nodes and prevents conflicting or redundant data; accuracy, 
which measures how closely the data aligns with real-world values or predefined standards; 
and completeness, which assesses whether the data includes all necessary attributes for reliable 
decision-making. These metrics are essential for assessing the effectiveness of the proposed 
data governance strategy in maintaining high data quality standards across the system. 

Real time Monitoring Framework 

The study implements a real time monitoring framework to track data as it is generated 
and processed across various nodes in the system. Streaming analytics are integrated into this 
framework to process data in real time, enabling the detection of anomalies as they occur. 
Tools like Apache Kafka and Apache Flink are used for data ingestion and stream processing, 
respectively, allowing the system to handle high-velocity data and detect issues immediately. 
Real time monitoring ensures that any inconsistencies or anomalies in data are flagged and 
addressed promptly, preventing the propagation of poor-quality data across the system. 

Anomaly Detection with Machine Learning 

Machine learning models are integrated into the governance strategy for automated 
anomaly detection, utilizing both supervised and unsupervised learning techniques. 
Supervised learning models like Random Forests and Support Vector Machines (SVM) are 
used when labeled datasets are available, learning from historical data to accurately identify 
and classify anomalies. In the absence of labeled data, unsupervised learning methods such as 
autoencoders and Isolation Forests are employed, with autoencoders detecting anomalies 
through high reconstruction errors and Isolation Forests identifying outliers by partitioning 
data into subspaces. These techniques significantly enhance the system's ability to detect data 
inconsistencies in real time, ensuring immediate identification and resolution of data quality 
issues. 

Evaluation Methodology 

The evaluation methodology for this study involves assessing the effectiveness of the 
proposed data quality governance strategy through real-world distributed system scenarios. 
The evaluation focuses on the strategy’s ability to detect data quality issues early by measuring 
key performance indicators such as the accuracy of anomaly detection, the response time to 
detected anomalies, and the impact on data consistency and completeness. The governance 
strategy is tested in various environments, including IoT applications, telecommunications, 
and healthcare systems, where data consistency and accuracy are critical. The effectiveness of 
the strategy is compared to traditional data quality governance methods, such as periodic 
audits and rule-based validation systems, to determine its superiority in real time anomaly 
detection and data consistency maintenance. 

 

4. Results and Discussion 

The integrated data quality governance strategy significantly improved the early detection 
of data quality issues and reduced data inconsistency in distributed systems. By combining 
real time monitoring with automated anomaly detection using machine learning models like 
autoencoders and Isolation Forests, the system detected anomalies as they occurred, ensuring 
quick resolution. This approach outperformed traditional methods, which relied on periodic 
audits, by continuously tracking data in real time and automating anomaly detection, thus 
reducing manual intervention. However, challenges such as system complexity, resource 
overhead, and data latency were encountered, particularly in handling large data volumes and 
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ensuring low-latency processing in real time applications. Despite these challenges, the 
strategy enhanced data consistency and governance, offering significant benefits for scalability 
and real time anomaly detection in dynamic environments.  

Results 

The results from the implementation of the integrated data quality governance strategy 
show significant improvements in the early detection of data quality issues and a reduction in 
data inconsistency across distributed systems. The real time monitoring framework, paired 
with automated anomaly detection using machine learning models, allowed for quick 
identification and rectification of anomalies as they occurred. In particular, techniques such 
as autoencoders and Isolation Forests performed effectively in detecting anomalies based on 
high reconstruction errors and isolating data points, respectively. This strategy enabled the 
system to identify inconsistencies and errors that would typically go unnoticed in traditional 
systems that rely on periodic audits and manual validation. The use of tools like Apache Kafka 
for data ingestion and Apache Flink for stream processing allowed for the efficient handling 
of large volumes of data, ensuring that anomalies were flagged and addressed promptly. 

 

 
Figure 2. Comparison of Data Quality Governance Strategy Performance 

 

 
Figure 3. Latency Reduction After Implementing the Data Quality Governance Strategy 

The two graphs presented highlight the effectiveness of the integrated data quality 
governance strategy. The first graph, a bar chart, demonstrates the performance improvement 
achieved by incorporating real time monitoring and automated anomaly detection, showing a 
significant reduction in manual intervention and a marked improvement in data consistency. 
The second graph, a line chart, illustrates the reduction in latency over five weeks after the 
strategy was implemented. This reduction in latency, driven by the strategy’s real time 
processing approach, showcases a substantial improvement in system performance and 
efficiency. Together, these graphs emphasize how the proposed strategy enhances both the 
speed and quality of data governance in distributed systems. 

Additionally, the results indicate that the strategy contributed to better overall data 
governance by improving data consistency across distributed components. As the system 
continuously tracked data in real time, it was able to ensure that any discrepancies between 
nodes were quickly corrected, maintaining data integrity across the system. The integration of 
machine learning models further enhanced the detection process by automating decision-
making, reducing the need for manual intervention and increasing the accuracy of data 
profiling. 
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Discussion 

The proposed data quality governance strategy has demonstrated a clear advantage in 
addressing the key challenges faced by distributed systems, particularly data inconsistency and 
delayed issue detection. Traditional data governance approaches often struggle to detect data 
issues in real time, relying on periodic audits that are unable to keep up with the dynamic 
nature of modern data environments. The real time monitoring component of the strategy 
ensures that data inconsistencies are detected as soon as they occur, preventing them from 
propagating through the system. By leveraging streaming analytics, the system continuously 
tracks data across nodes, enabling faster detection and resolution of anomalies compared to 
traditional systems. 

Furthermore, the integration of machine learning models such as autoencoders and 
Isolation Forests provided a significant boost to the system’s ability to detect anomalies 
without human intervention. These models are particularly effective in real time applications, 
where rapid anomaly detection is crucial. By automating the anomaly detection process, the 
system reduces the reliance on manual validation, which is often time-consuming and prone 
to error. This automated approach also enhances the scalability of the system, allowing it to 
handle increasing data volumes without compromising data quality or processing speed. 

However, the implementation of the strategy also revealed several challenges. System 
complexity was one of the primary obstacles encountered, particularly in integrating the real 
time monitoring framework with existing distributed systems. The complexity of managing 
multiple components-such as data ingestion, stream processing, and machine learning 
models-requires substantial computational resources, which can strain the system's 
performance, particularly in large-scale environments. The resource overhead associated with 
running machine learning models in real time also posed challenges, as these models require 
significant computational power to process large data streams continuously. Despite these 
challenges, the benefits of real time anomaly detection and improved data consistency far 
outweigh the resource demands, making the strategy a valuable addition to distributed 
systems. 

Another challenge faced was data latency, which, despite efforts to reduce it through real 
time processing, still affected some applications, especially those that involve high-volume 
data streams. The need for low-latency processing in these environments remains a significant 
hurdle, particularly in industries like telecommunications and healthcare, where even small 
delays in data processing can have serious consequences. The scalability of the system was 
also tested as the volume of data increased, highlighting the need for continuous optimization 
in resource allocation and model efficiency. Nonetheless, the integration of edge and fog 
computing paradigms, which enable processing closer to the data source, could alleviate some 
of these latency issues by reducing the distance data must travel before being processed. 

Overall, the implementation of the integrated governance strategy has shown that real 
time anomaly detection coupled with automated decision-making through machine learning 
can significantly improve data quality governance in distributed systems. However, 
overcoming challenges related to system complexity, resource overhead, and data latency will 
require further refinement and optimization of the strategy for broader application in real-
world scenarios. 

 

5. Comparison 

The proposed integrated data quality governance strategy stands in stark contrast to 
traditional approaches such as periodic audits, manual validation, and static data quality 
control mechanisms. Traditional methods tend to be reactive, relying on scheduled checks to 
identify data inconsistencies and errors. This can result in significant delays in issue detection, 
especially in fast-moving, dynamic systems. For instance, periodic audits may miss real time 
data issues, and manual validation is not scalable, requiring human intervention to verify data 
accuracy and consistency, which can be time-consuming and error-prone. These traditional 
approaches, while still valuable, are limited in addressing the needs of modern distributed 
systems, where data changes rapidly and anomalies must be detected in real time. 

In contrast, the proposed strategy integrates real time monitoring and automated 
anomaly detection using machine learning models, offering a proactive and continuous 
approach to data quality management. By leveraging streaming analytics, the strategy ensures 
that anomalies are detected as soon as they occur, enabling immediate intervention. This real 
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time capability drastically reduces the time between the occurrence of a data issue and its 
resolution. Additionally, the use of machine learning models, such as autoencoders and 
Isolation Forests, enhances the strategy’s effectiveness by automatically identifying complex 
data patterns and anomalies, which would be difficult for traditional systems to flag. This 
automation minimizes human intervention and allows the system to scale more efficiently, 
adapting to large data volumes without compromising performance. 

The statistical analysis of the proposed strategy shows significant improvements in 
detection speed, data consistency, and manual effort reduction compared to traditional 
methods. Real time monitoring allows for instantaneous anomaly detection, a stark 
improvement over traditional approaches that detect issues only at scheduled intervals. The 
integrated approach also improves data consistency by addressing inconsistencies as soon as 
they arise, preventing their propagation across the system. Furthermore, the use of machine 
learning models for anomaly detection significantly reduces the need for manual validation, 
streamlining the process and freeing up resources for other tasks. Evaluation results indicate 
a substantial reduction in manual effort and faster response times, confirming the superiority 
of the integrated strategy in enhancing data quality governance in distributed systems. 

6. Conclusions 

The study demonstrates that the proposed integrated data quality governance strategy 
significantly enhances the management of data quality in distributed software systems. By 
combining real time monitoring with automated anomaly detection powered by machine 
learning, the strategy enables early detection of data issues, reduces inconsistencies, and 
improves overall data governance. The results show that this approach outperforms 
traditional methods like periodic audits and manual validation in terms of detection speed, 
accuracy, and scalability. Real time monitoring allows for immediate identification and 
correction of anomalies, while the use of machine learning models like autoencoders and 
Isolation Forests enhances the system's ability to identify complex patterns and data 
inconsistencies without human intervention. 

The integration of real time monitoring and machine learning-based anomaly detection 
has significant implications for distributed system architecture and data governance. The 
strategy not only addresses common challenges such as data inconsistency and delayed issue 
detection but also enables scalable solutions for modern data environments. As data grows in 
volume and complexity, traditional governance models struggle to keep up with the demands 
of distributed systems. The proposed strategy ensures that data quality can be maintained 
consistently across distributed components, which is crucial for sectors like finance, 
healthcare, and IoT, where data integrity is paramount. The ability to detect and resolve data 
issues in real time has the potential to transform how industries approach data governance, 
ensuring more accurate decision-making and operational efficiency. 

Future research can focus on several areas to further enhance the proposed strategy. 
One potential direction is the integration of more advanced machine learning techniques, 
such as reinforcement learning or deep reinforcement learning, to improve anomaly detection 
capabilities, especially in highly dynamic environments. Additionally, scaling the strategy to 
handle larger distributed systems with more complex data architectures will be critical as 
industries continue to generate vast amounts of data. Refining the real time analytics 
component to minimize latency and optimize resource use will also be essential to ensure the 
strategy’s effectiveness in high-demand applications. Exploring these avenues will help make 
the strategy more robust and adaptable to the evolving needs of data governance in large-
scale distributed systems. 
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