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Abstract: The evolution of data ma0nagement has necessitated the development of efficient Change Data 

Capture (CDC) mechanisms to ensure real-time data synchronization across disparate systems. Traditional CDC 

methodologies, including log-based and trigger-based approaches, often face significant challenges related to 

latency, schema evolution, and resource consumption. These inefficiencies become more pronounced as 

organizations scale their data infrastructure to accommodate increasing transactional workloads. While cloud-

native platforms such as Google BigQuery and Google Spanner offer enhanced data ingestion capabilities, they 

still require advanced techniques to mitigate schema drift, minimize processing overhead, and improve fault 

tolerance. 

Despite the advancements in CDC technologies, existing approaches remain limited in their adaptability and 

efficiency. There is a notable gap in research focusing on the integration of artificial intelligence to enhance 

CDC processes, particularly in differentiating how AI-driven mechanisms perform in cloud-based databases 

compared to traditional database frameworks. This study seeks to address this gap by introducing a novel AI-

enhanced CDC framework, leveraging machine learning techniques to optimize schema evolution, event 

anomaly detection, and real-time data consistency. By benchmarking BigQuery’s streaming ingestion, Google 

Spanner’s change streams, and Debezium’s log-based CDC, this research presents a comparative analysis to 

evaluate the impact of AI integration in CDC. 

The findings of this study indicate that AI-driven CDC solutions significantly outperform conventional methods, 

demonstrating substantial improvements in reducing latency, enhancing anomaly detection accuracy, and 

optimizing computational resources. The research underscores the role of predictive analytics and reinforcement 

learning in CDC, showcasing their ability to automate schema management and refine event tracking processes. 

The study’s results highlight the transformative potential of AI-driven CDC, paving the way for more efficient, 

scalable, and intelligent data management solutions in modern enterprises. 

 

Keywords: AI-driven Change Data Capture, BigQuery, Google Spanner, Debezium, schema evolution, anomaly 
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1. Introduction 

 

Data-driven decision-making has become 

the backbone of modern enterprises, 

necessitating efficient, real-time data 

synchronization techniques. Change Data 

Capture (CDC) plays a pivotal role in this 

process by enabling continuous tracking 

and replication of database modifications 

across systems. However, traditional CDC 

methodologies, including log-based, 

trigger-based, and polling-based 

approaches, exhibit significant 

inefficiencies, particularly when dealing 

with large-scale, high-velocity data 

streams (Hentschel & Riedel, 2018).  

 

These approaches often introduce latency, 

excessive resource utilization, and 

complexity in managing schema evolution, 

making them suboptimal for modern 

distributed database architectures. As 

businesses transition to cloud-based data 

solutions, the demand for enhanced CDC 

mechanisms has intensified, prompting the 

exploration of artificial intelligence (AI) as 

a potential solution to optimize CDC 

performance and adaptability (Verma et 

al., 2019). 
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1.1 Research Gap & Motivation 

Despite significant advancements in 

database replication and streaming 

technologies, existing CDC 

implementations face inherent limitations. 

Log-based CDC, though widely used, 

struggles with high processing overheads 

and delayed event propagation (McKinley 

et al., 2018). Trigger-based CDC, on the 

other hand, introduces operational 

bottlenecks due to its reliance on database 

triggers, impacting overall system 

performance (Hentschel & Riedel, 2018). 

Polling-based CDC, while straightforward, 

is inefficient at scale due to frequent 

querying, which increases latency and 

resource consumption (Johnson et al., 

2019). These challenges underscore the 

need for intelligent CDC solutions that can 

dynamically adapt to workload variations 

and schema changes while ensuring 

minimal system overhead. 

Cloud-native databases, such as Google 

BigQuery and Google Spanner, have 

introduced alternative CDC methods that 

leverage real-time ingestion and multi-

version concurrency control. BigQuery’s 

CDC relies on streaming ingestion, 

providing a low-latency data 

synchronization framework (Kumar et al., 

2018). However, it lacks advanced AI-

driven optimizations to handle complex 

schema drift scenarios autonomously. 

Similarly, Google Spanner’s native CDC 

model, while designed for cloud-scale 

distributed environments, does not 

incorporate adaptive intelligence for 

prioritizing event processing or detecting 

anomalies in change streams (Markle, 

2018). Traditional databases like 

PostgreSQL and MySQL, which utilize 

Debezium for log-based CDC, also lack 

AI-enhanced features, limiting their ability 

to self-optimize under varying workloads 

(McKinley et al., 2018). These gaps in 

current CDC implementations highlight 

the necessity of integrating AI to enhance 

change data tracking, schema adaptation, 

and anomaly detection, thereby improving 

efficiency and accuracy in real-time data 

replication. 

 

1.2 Problem Statement & Research 

Hypothesis 

Given the challenges associated with 

traditional and cloud-based CDC 

approaches, this research aims to 

investigate the impact of AI-driven CDC 

in improving data synchronization 

efficiency. Specifically, this study seeks to 

determine how AI techniques, such as 

predictive analytics and reinforcement 

learning, can optimize event propagation, 

enhance schema evolution handling, and 

improve fault tolerance in CDC 

environments (Banerjee et al., 2019). The 

key research questions guiding this study 

include: 

• How can AI models enhance the 

performance of CDC, particularly in 

reducing latency and ensuring data 

consistency? (Tang et al., 2018) 

• What are the trade-offs between AI-

enhanced CDC mechanisms in 

BigQuery, Google Spanner, and 

Debezium in terms of efficiency, 

scalability, and computational cost? 

(Kumar et al., 2018) 

• To what extent does AI improve 

schema evolution handling, reducing 

manual intervention and processing 

delays? (Li et al., 2018)

 

To address these questions, the study formulates the following hypotheses: 

Hypothesis Expected Improvement 

H1: AI-driven CDC reduces latency At least 30% faster event propagation 

H2: AI improves schema evolution handling Reduces manual intervention by 40% 

H3: AI enhances CDC anomaly detection 20-50% better error handling 

 

The expected findings of this research will 

demonstrate how AI-powered CDC 

solutions outperform traditional methods, 

offering significant reductions in event 



International Journal of Intelligent Systems and Applications in Engineering                             IJISAE, 2023, 11(3), 1275–1285  |  1277 

 

processing delays, improved schema 

evolution adaptation, and more effective 

anomaly detection in change data streams. 

By integrating AI into CDC frameworks, 

organizations can achieve greater 

operational efficiency, ensuring seamless 

data replication across hybrid and multi-

cloud environments. This study contributes 

to the growing body of research on AI 

applications in database management, 

proposing a novel approach that combines 

the strengths of modern cloud 

infrastructures with intelligent automation 

techniques (O'Reilly et al., 2019). 

 

2. Background & Related Work 

 

2.1 Overview of Change Data Capture 

(CDC) Techniques 

Change Data Capture (CDC) is an 

essential mechanism for tracking and 

replicating database modifications in real 

time. Different CDC techniques have been 

developed over time, each with distinct 

advantages and limitations. Among the 

most widely used approaches is log-based 

CDC, which involves capturing changes 

directly from the transaction logs of a 

database system. This method is highly 

efficient for real-time data streaming and is 

used in tools such as Debezium and Oracle 

GoldenGate (McKinley et al., 2018). Log-

based CDC ensures minimal impact on the 

source database, as it does not require 

additional operations to track changes, but 

it may introduce complexity in parsing 

logs across different database platforms. 

Another commonly used CDC approach is 

trigger-based CDC, which relies on 

database triggers to track and record data 

modifications. This method is 

straightforward to implement but 

introduces overhead since each data 

manipulation operation invokes a trigger, 

potentially slowing down database 

performance (Hentschel & Riedel, 2018). 

While effective for small-scale 

applications, trigger-based CDC does not 

scale well with high-volume transactional 

workloads, making it unsuitable for large 

distributed database environments. 

The third technique, polling-based CDC, 

operates by periodically querying 

databases to detect changes. This method 

is highly inefficient at scale, as frequent 

polling increases system load and 

introduces latency in change detection 

(Johnson et al., 2019). Polling-based CDC 

is generally considered a legacy approach 

that has been largely replaced by more 

optimized CDC mechanisms in modern 

architectures.

 

Figure 1: Traditional CDC Approaches and Their Limitations: illustrates the Log-based, 

Trigger-based, and Polling-based CDC models and highlights their respective inefficiencies. 
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2.2 CDC in Google Spanner & 

BigQuery 

As enterprises transition toward cloud-

based infrastructures, new CDC solutions 

have emerged to enhance data processing 

efficiency. Google Spanner and BigQuery 

represent two prominent cloud-native 

database systems that integrate CDC 

capabilities to ensure real-time data 

consistency. 

Google Spanner employs a CDC 

mechanism known as Change Streams, 

which leverages multi-version concurrency 

control (MVCC) to capture and store 

historical versions of data. This approach 

provides low-latency replication, allowing 

applications to process changes in near real 

time while maintaining transactional 

consistency (Markle, 2018). However, 

Google Spanner's CDC implementation 

remains largely manual, requiring explicit 

configuration to track change events, and 

lacks built-in AI-driven optimizations for 

adaptive schema handling or event 

prioritization. 

In contrast, BigQuery’s CDC framework is 

powered by Pub/Sub-based streaming 

ingestion combined with Google Cloud 

Dataflow. This mechanism enables 

seamless real-time data integration with 

advanced AI-driven optimizations that 

improve schema evolution management, 

event deduplication, and anomaly 

detection (Kumar et al., 2018). Unlike 

Spanner, BigQuery’s CDC model is 

designed to handle large-scale analytics 

workloads, making it particularly effective 

for high-throughput environments. AI 

integration allows BigQuery to 

dynamically adjust to schema changes 

without manual intervention, reducing 

operational overhead. 

 

Table 2: Comparison of CDC in Google Spanner, BigQuery, and Debezium 

Feature Google Spanner BigQuery Debezium 

Change Capture Mechanism Change Streams Streaming Ingestion Log-Based 

AI Optimization Limited High None 

Latency Low Very Low Moderate 

Scalability High Very High Moderate 

Schema Evolution Handling Manual AI-based Manual 

 

This comparative analysis highlights the 

distinct advantages of cloud-based CDC 

solutions over traditional methods. While 

Google Spanner provides robust 

consistency guarantees, it lacks the AI-

driven automation present in BigQuery, 

which significantly enhances CDC 

performance in high-volume data 

streaming scenarios. Debezium, though 

widely used for CDC in relational 

databases, remains constrained by manual 

schema evolution handling and moderate 

scalability. The integration of AI in CDC 

frameworks such as BigQuery presents a 

transformative approach, addressing many 

of the limitations observed in traditional 

CDC models and providing enhanced 

efficiency for real-time data replication. 

 

 

3. Methodology 

 

3.1 Experimental Setup 

The experimental setup for this study is 

designed to evaluate the efficiency of AI-

driven Change Data Capture (CDC) 

mechanisms across different platforms, 

including BigQuery, Google Spanner, and 

Debezium. The objective is to benchmark 

CDC performance in high-frequency 

transactional environments, such as 

financial transactions and e-commerce 

systems, where real-time data replication is 

critical. 

The dataset used in this study comprises 

high-volume transactional logs, simulating 

real-world workloads commonly 

encountered in dynamic business 

environments. These logs capture data 

modifications, including inserts, updates, 
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and deletes, ensuring a comprehensive 

analysis of CDC mechanisms under 

realistic operational conditions. The 

selection of financial and e-commerce 

transactions ensures a varied dataset, 

incorporating bursts of high-velocity data, 

schema changes, and intermittent periods 

of inactivity, all of which test the 

adaptability of CDC solutions. 

To achieve a thorough performance 

analysis, the study employs the following 

CDC tools: 

• BigQuery CDC: This approach 

utilizes AI-optimized streaming 

ingestion to enable near-instantaneous 

data replication, ensuring that 

modifications in the source system are 

reflected in real-time analytics. 

• Google Spanner CDC: Based on 

change streams, this mechanism 

enables efficient event tracking and 

multi-version concurrency control 

(MVCC), facilitating historical data 

retrieval and snapshot isolation. 

• Debezium CDC: A widely adopted 

Kafka-based CDC tool, Debezium 

extracts change events from relational 

databases via log-based tracking, 

enabling integration with event-driven 

architectures. 

      The experimental infrastructure 

consists of distributed cloud-based 

environments, ensuring a scalable and 

consistent testing framework across 

platforms. Latency measurements, 

resource utilization, and anomaly 

detection accuracy serve as key 

evaluation metrics to determine the 

impact of AI-driven enhancements on 

CDC performance. 

 

 

Figure 2: AI-Enhanced CDC Architecture in BigQuery: illustrating how AI models enhance 

real-time CDC through streaming ingestion, predictive schema evolution, anomaly detection, 

and optimized data processing. 

 

3.2 AI-Based CDC Enhancements 

To improve traditional CDC approaches, 

AI techniques have been incorporated into 

the experimental framework to enhance 

performance in schema evolution 

handling, anomaly detection, and 

predictive event batching. 

 

• AI for Schema Evolution 

Handling: Schema drift is one of the 

major challenges in CDC, as database 

structures often change over time. This 

study integrates Long Short-Term Memory 

(LSTM) networks, a deep learning 

technique, to predict schema changes in 

advance, allowing automated adjustments 

without disrupting CDC pipelines. By 

training LSTMs on historical schema 

modifications, the system can 
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preemptively adjust data structures, 

reducing errors and manual intervention. 

• Anomaly Detection in Change 

Events: AI-driven transformer models are 

implemented to analyze change event 

streams in real-time. These models identify 

anomalies such as duplicate events, out-of-

sequence transactions, and data 

inconsistencies, filtering erroneous updates 

before they propagate through the CDC 

pipeline. This feature enhances data 

integrity and reliability, especially in high-

throughput environments. 

 

• Predictive Event Batching: To 

minimize network and processing 

overhead, this study employs 

reinforcement learning (RL) algorithms to 

dynamically optimize batch processing 

intervals based on incoming data velocity. 

RL models evaluate the trade-off between 

batch size and latency, ensuring that event 

processing remains efficient under varying 

workloads. The predictive batching 

mechanism enables CDC pipelines to 

dynamically adjust ingestion rates, 

reducing computational strain and 

improving real-time synchronization 

efficiency. 

 

This experimental design ensures a 

comprehensive evaluation of AI-driven 

CDC enhancements, providing insights 

into how intelligent automation can 

improve latency, schema evolution 

handling, and data anomaly detection. The 

subsequent sections will analyze the 

results obtained from these experiments, 

comparing AI-enhanced CDC with 

traditional methods in terms of efficiency, 

accuracy, and scalability. 

 

 

 

 

4. Results & Discussion 

 

4.1 Performance Benchmarking 

The evaluation of Change Data Capture 

(CDC) mechanisms across BigQuery, 

Google Spanner, and Debezium 

highlights significant differences in 

performance metrics, particularly in 

latency reduction, throughput efficiency, 

and anomaly detection accuracy. By 

analyzing AI-enhanced CDC 

implementations against traditional CDC 

approaches, this study provides insights 

into how artificial intelligence improves 

CDC operations in real-time data 

streaming environments. 

One of the critical performance aspects 

assessed in this study is latency 

reduction, which determines how quickly 

changes in a source database are captured 

and reflected in downstream applications. 

The experimental results indicate that 

BigQuery’s AI-enhanced CDC achieves 

a 40% reduction in latency, making it the 

most efficient of the three platforms tested. 

This improvement is attributed to 

BigQuery’s ability to leverage machine 

learning models for schema evolution 

handling and predictive event batching, 

ensuring that data ingestion remains 

uninterrupted even under high-velocity 

workloads. In contrast, Google Spanner 

CDC reduces latency by 25%, benefiting 

from its change streams and multi-

version concurrency control but lacking 

AI-driven optimizations that dynamically 

adapt to schema changes. Debezium 

CDC, though widely used for log-based 

tracking, achieves only a 15% latency 

reduction, primarily due to its reliance on 

manual schema management and batch-

based event capture, which introduces 

processing delays in high-volume data 

environments. 
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Figure 3: Latency Reduction Comparison Across CDC Platforms :  illustrating the latency 

reduction percentages for BigQuery, Google Spanner, and Debezium. 

 

Another crucial performance factor is 

throughput increase, measuring the 

efficiency of CDC mechanisms in 

handling a high volume of concurrent 

transactions. The AI-optimized BigQuery 

CDC exhibits a 35% improvement in 

throughput, facilitated by its ability to 

predictively manage event ingestion and 

adapt to workload variations through 

reinforcement learning-based batch 

processing. Google Spanner 

demonstrates a 20% throughput 

increase, benefiting from its strong 

transactional consistency model, though 

its lack of AI-driven event prioritization 

results in less adaptive performance during 

workload spikes. Debezium, constrained 

by its log-based architecture, registers 

only a 12% increase in throughput, as 

its batch-oriented change tracking 

mechanism limits its ability to efficiently 

process continuous high-volume 

updates. 

 

Figure 4: Throughput Increase Across CDC Solutions: showing the percentage increase in 

throughput for BigQuery, Google Spanner, and Debezium. 

 

Beyond latency and throughput, anomaly 

detection accuracy serves as another 

important evaluation metric. The AI-

integrated approach in BigQuery CDC 

achieves a 92% anomaly detection 

accuracy, significantly higher than 

traditional CDC solutions. The use of 

transformer-based AI models enables 

proactive anomaly filtering, allowing the 

system to detect duplicate events, data 

inconsistencies, and out-of-order 

transactions before they propagate 

downstream. Google Spanner, which 

relies on traditional error-checking 

mechanisms, attains an 85% anomaly 

detection accuracy, while Debezium lags 

at 70% due to its limited built-in 

anomaly detection capabilities and 

dependency on external monitoring tools. 

The integration of AI in CDC not only 

improves data quality but also enhances 

system reliability, making it a viable 
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approach for high-stakes data replication environments. 

 

Figure 5: Anomaly Detection Accuracy Across CDC Platforms : showing the anomaly 

detection accuracy percentages for BigQuery, Google Spanner, and Debezium. 

 

Table 3: CDC Performance Metrics Across Platforms 

Platform 
Latency 

Reduction (%) 

Throughput 

Increase (%) 

Anomaly Detection 

Accuracy (%) 

BigQuery (AI-

Enhanced) 
40% 35% 92% 

Google Spanner 25% 20% 85% 

Debezium 15% 12% 70% 

 

These findings demonstrate that AI-driven 

CDC mechanisms outperform traditional 

CDC approaches across all three key 

performance metrics. The ability of 

machine learning and predictive 

analytics to dynamically optimize data 

ingestion processes provides a distinct 

advantage in minimizing latency, 

increasing throughput, and maintaining 

data integrity. The next section will further 

analyze the implications of these results, 

discussing the broader impact of AI-

enhanced CDC in enterprise-scale database 

management. 

 

5. Future Work & Research Roadmap 

 

5.1 AI in Federated & Multi-Cloud 

CDC 

As data ecosystems continue to evolve, 

enterprises are increasingly leveraging 

multi-cloud and hybrid cloud 

infrastructures to ensure scalability, 

redundancy, and operational efficiency. 

However, implementing CDC across 

multi-cloud environments introduces 

significant challenges, including latency 

variations, data inconsistency risks, and 

interoperability complexities. AI-driven 

CDC has the potential to mitigate these 

challenges by optimizing cross-cloud data 

replication and synchronization (O'Reilly 

et al., 2019). By incorporating machine 

learning algorithms, AI-enhanced CDC 

can intelligently detect performance 

bottlenecks, predict optimal data 

replication pathways, and dynamically 

allocate resources based on workload 

fluctuations. Furthermore, AI can facilitate 

real-time schema harmonization, ensuring 

seamless CDC execution across diverse 

database environments. Future research 

should focus on developing AI-powered 

federated CDC frameworks, enabling 

organizations to efficiently manage data 

replication across heterogeneous cloud 

platforms while maintaining consistency 

and performance. 

One of the major areas of exploration in 

AI-driven federated CDC is the application 

of reinforcement learning to optimize data 

movement strategies in real-time. This 

approach can dynamically determine the 

best replication strategy based on latency, 

cost, and security constraints. 

Additionally, integrating federated 
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learning models can enhance security in 

multi-cloud CDC implementations by 

ensuring data decentralization, thereby 

reducing privacy risks associated with 

centralized data processing. 

 

5.2 AI-Enhanced ETL vs. CDC 

While ETL (Extract, Transform, Load) and 

CDC serve overlapping purposes in data 

integration, they exhibit fundamental 

differences in processing workflows. 

Traditional ETL pipelines operate on batch 

processing principles, extracting large 

datasets at scheduled intervals, whereas 

CDC enables real-time data 

synchronization. However, there is an 

increasing need for hybrid models where 

AI determines whether ETL or CDC is the 

most efficient approach for specific 

workloads (Verma et al., 2019). AI-

enhanced ETL-CDC hybridization could 

revolutionize data engineering by enabling 

dynamic workflow selection based on data 

velocity, transformation complexity, and 

cost efficiency. 

In future research, the integration of AI-

based decision engines could enable 

adaptive data pipeline orchestration, where 

real-time and batch processing are 

seamlessly blended based on system 

demand. For example, reinforcement 

learning models could predict the impact 

of ETL vs. CDC on data processing costs, 

latency, and scalability, adjusting the 

workflow accordingly. This adaptive 

intelligence could drastically reduce 

infrastructure costs while maximizing data 

availability and consistency. Future work 

should also investigate how AI can 

enhance ETL processes by automating 

schema transformations, reducing manual 

intervention, and optimizing data lineage 

tracking. 

These advancements in AI-powered 

federated CDC and dynamic ETL-CDC 

integration will play a crucial role in 

shaping the future of real-time data 

processing. As organizations increasingly 

migrate to cloud-native environments, 

intelligent CDC mechanisms will become 

essential in ensuring seamless data 

movement, optimal performance, and 

enhanced decision-making capabilities. 

This research lays the foundation for future 

innovations that will drive greater 

automation, efficiency, and adaptability in 

CDC solutions. 

 

6. Conclusion 

 

The integration of artificial intelligence 

into Change Data Capture (CDC) has 

introduced transformative improvements 

in data replication, enabling greater 

efficiency, accuracy, and adaptability. 

Traditional CDC mechanisms, while 

effective to a certain extent, have 

consistently struggled with challenges 

related to latency, event anomaly 

detection, and schema evolution 

handling. The findings of this research 

highlight that AI-driven CDC solutions 

significantly outperform traditional 

approaches, particularly in environments 

that demand real-time data synchronization 

and high-throughput processing. The 

ability of AI models to predict schema 

changes, optimize event processing, and 

detect anomalies has proven to be a game-

changer in modern CDC workflows. These 

enhancements contribute to lower latency, 

improved data consistency, and better 

resource utilization, making AI-based 

CDC a compelling choice for enterprises 

handling large-scale transactional data. 

Among the platforms analyzed, 

BigQuery’s AI-enhanced CDC emerged 

as the most efficient solution for high-

throughput scenarios, outperforming 

both Debezium and Google Spanner. By 

leveraging machine learning algorithms 

for streaming ingestion and real-time 

event optimization, BigQuery 

demonstrated superior performance in 

reducing data replication lag, detecting 

anomalies with high accuracy, and 

handling schema drift with minimal 

manual intervention. Google Spanner, 

while offering strong consistency 

guarantees, lacked the advanced AI-based 
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automation found in BigQuery, limiting its 

ability to dynamically optimize event 

streaming in fluctuating workloads. 

Similarly, Debezium, which relies on log-

based CDC tracking, struggled to match 

the efficiency of AI-powered solutions, as 

it depends on manual schema 

adjustments and batch-based processing 

models that introduce processing 

overhead. These comparative insights 

underscore the value of integrating 

intelligent automation into CDC 

frameworks, reducing operational 

complexity while enhancing real-time 

analytics capabilities. 

Looking ahead, future research should 

explore the broader implementation of 

AI-driven CDC across multi-cloud 

environments, federated systems, and 

edge computing architectures. As 

enterprises increasingly adopt distributed 

and hybrid cloud strategies, AI-CDC must 

evolve to optimize cross-platform data 

synchronization, reduce inter-cloud 

latency, and enhance workload 

balancing. Additionally, edge computing 

presents new opportunities for AI-

driven CDC, allowing real-time data 

replication at the network edge, where 

latency-sensitive applications demand 

near-instantaneous updates. The 

development of federated AI-driven 

CDC architectures could further enhance 

security, compliance, and decentralized 

data management, offering innovative 

solutions for global enterprises with 

complex data infrastructures. 

 

The advancements in AI-enhanced CDC 

mark a significant step forward in 

modern data engineering, providing 

businesses with scalable, adaptive, and 

efficient mechanisms for real-time data 

integration. As AI continues to refine 

predictive analytics, event-driven 

processing, and schema adaptation 

techniques, the future of CDC is poised to 

be more autonomous, intelligent, and 

performance-driven than ever before. 

This study lays the foundation for 

continued innovation, reinforcing the 

critical role of AI-driven automation in 

shaping the next generation of data 

replication and synchronization 

technologies. 
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