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ENHANCING REAL-TIME DATA REPLICATION EFFICIENCY THROUGH OPTIMIZATION
OF CHANGE DATA CAPTURE METHODS

Abstract. Relevance of the research is driven by the growing need for efficient real-time data replication in distributed
and hybrid environments, where system scalability, consistency, and low latency are critical. Traditional change propagation
mechanisms are increasingly inadequate under high-frequency workloads, highlighting the need for a re-evaluation and
modernization of Change Data Capture (CDC) methods.

The aim of the article is to provide a scientific rationale and develop approaches to improving the efficiency of real-
time data replication through the optimization of Change Data Capture methods, taking into account the architectural and
operational specifics of modern distributed computing environments.

The research methodology is based on systems analysis of CDC implementations in cloud and hybrid infrastructures,
architectural modeling of replication flows, comparative evaluation techniques, typological classification of functional
characteristics, and a criterion-based approach to assessing efficiency in various data update scenarios.

The research results include the identification of key functional features of CDC mechanisms, the classification of
architectural replication models, and the substantiation of performance criteria such as latency, throughput, consistency,
scalability, connectivity flexibility, and resource efficiency. Key technical constraints were identified in high-change-rate
environments, particularly performance instability, access conflicts, and compatibility issues with traditional database systems
and streaming platforms. It was demonstrated that event-driven architectures with asynchronous processing and adaptive
buffering yield better performance when properly tuned.

In the conclusions, the relevance of hybrid CDC models is substantiated, the dependency between replication efficiency
and architectural processing models is confirmed, and common implementation barriers in conventional database and stream-
processing ecosystems are outlined.

The research perspectives include the development of intelligent CDC strategies, dynamic change flow orchestration, and
the improvement of cross-platform interoperability in multi-cloud infrastructures.

Key words: asynchronous processing, streaming architectures, transaction consistency, change buffering, in-memory
analytics.

Xpuctuna TEPJAELbKA. NIBULIEHHA E@PEKTUBHOCTI PEINJIIKALIT JAHUX Y PEXKUMI PEAJIbHOTO
YACY YEPE3 OIITUMIBAIIIIO METOAIB CHANGE DATA CAPTURE

Anomayis. AkmyaabHicms docaidxiceH s 3yM08.1eHo HeobXxIOHicmio nideuweHHs epekmusHocmi pensikayii daHux y pe-
JHCUMI peabHO20 Yacy 8 yMoeax CmpiMKozo 3po0CmaHHs 06csizie iHgpopmayii, poswupeHHs posnodiieHux iHppacmpykmyp i
JUHAMIYHO20 HABAHMAXCEHHSI HA cucmeMu 06po6ku. Tpaduyitlini mexaHizmu nepedaui 3miH dedasi yacmiwe 8us8AI0Mb-
€51 HeOCMAMHBLO 2HYYKUMU A60 PecypCcHO 3ampamHuMu, 0C00.1U80 Y 8UCOKOHABAHMANXCEHUX cepedo8uwax, Wo akmya.isye
3a80aHHs hepeocmucaeHHs memodie Change Data Capture (CDC).

Memoio cmammi e Haykoge 06TrpyHmMy8aHHs ma po3pobka nidxodie do nidsuweHHs epekmusHocmi penaikayii daHux y
pedxcuMi peanbHo20 Yacy wasaxom onmumizayii memodie Change Data Capture 3 ypaxysaHHaM cneyugbiku cy4acHux po3noodi-
JIeHUX 064UCA108a/1bHUX cepedosuLy.

Memodooz2is docaidxceHHs 6a3yembesi HA cucmeMHoMy aHasizi CDC-npoyedyp y xmapHux ma 2ibpudHux iHgppacmpyk-
mypax, Mo0e/1108aHHI apximeKkmypHuXx cxem penikayii, 3acmocysaHHi Memodie nopieHsA1bHO20 OYiHIBAHHS, munoiozizayii
PYHKYIOHANbHUX XapaKMepucmuxk, a makoxc kpumepiasibHo2o nidxody 0o 8u3Ha4eHHs eghekmusHocmi npoyedyp y pi3HuUx
CYeHapisix OHOB8./1eHHS1 OQHUX.

Pe3yabmamu docnidxceHHs 8i006paxcarombvCs y 8UZHAYEHHI KA04o8ux yHKYyioHa bHUx o3Hak CDC-peanisayill, kaacu-
dikayii apximekmypHux modesell penaikayii, 06rpyHmyeaHHi pesesaHmHux kpumepiie oyiHku (3ampumka, y3200xceHicmy,
Macuma6bosaHicms, nponyckHa 30amHicms, 2Hy4Kicmb nioKAI04eHHs), 4 MAKOXC Y 8USAB/1eHHI OCHOBHUX MeXHO102IHHUX 06-
MedieHb Y 8UCOKOHABAHMaxiceHux cepedosuwax. Bcmanosserno, wjo nodieso-opicHmosaHi apximekmypu 3 ACUHXPOHHOK 06-
POOKOH 3MIH deMOHCMPYyHMb Kpawy npodyKmueHicmbs 3a yM0o8 hpasuabHoi 6ygepusayii i KoHmpo.ito yepe nodiil.

Y sucHo8Kax o6rpyHmosaHo doyinbHicms 2i6pudHozo nidxody do CDC y ckaadHux apximekmypax, niomeepdyiceHo 3a-
JsexcHicms egpekmusHocmi 8i0 noedHaHHs apximekmypHoi mModeal ma pexcumy o6pobkU, @ makoxc okpecseHo munosi mex-
HIYHI 06MexceHH s, Wo sUHUKarmb y npoyeci enpoeadicenHs CDCy mpaduyiiini CKB/] i nomokosi cepsicu.

Ilepcnekmusamu nodaabuwux 00cAidxceHb 8BUSHAYEHO pO3pOOKY iHmesekmyaabHux CDC-cmpameziil, adanmueHozo kepy-
8AHHSI NOMOKAMU 3MIH [ pO3WUPEHHS MIHNAAM@POPMHOT CyMiCHOCMI KOMNOHEHMIB Y MYJAbMUXMAPHUX cepedosUax.

Katouosi cnoea: acunxpoHHa 06po6ka, nomokogi apximekmypu, y32odxceHicmb mpaH3akyiti, 6ydepusayis 3miH, aHai-
muka 6 onepamusgHili nam’sami.
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Problem statement. In today's environment of rapid growth in data volumes and demands for fast infor-
mation processing, ensuring effective real-time data replication is becoming particularly important. Multi-or-
ganizational infrastructures, distributed computing systems, and cloud services require constant synchronous
exchange of updates between sources and analytical platforms, which necessitates high-performance methods
for detecting changes in data. Change Data Capture (CDC) technology is a key tool for detecting, capturing, and
transferring changed data without the need to scan the entire source. However, in practice, its effectiveness
is limited by a number of technical and logistical factors, including unstable performance when processing
large transaction volumes, lack of universal compatibility with different types of data sources, difficulties in
reconciling changes in distributed environments, and transmission channel overload. These challenges are par-
ticularly acute in systems where the delay between the occurrence of a change and its reflection in the target
environment is critical, such as in financial, medical, or logistics platforms. In view of this, the scientific task is
to find models that can adaptively respond to load changes, minimize duplicate operations, optimize resource
consumption, and ensure transaction consistency. The practical significance of the research lies in the creation
of CDC mechanisms that can be integrated into existing infrastructures without loss of compatibility, while
complying with requirements for scalability, continuity, and transactional integrity, which has a direct impact
on the stability and efficiency of real-time information systems.

Analysis of recent studies and publications. Analysis of current research on improving the efficiency of
real-time data replication through optimization of Change Data Capture (CDC) methods allows us to identify
four main areas of focus.

The first area focuses on the development of theoretical and applied concepts of CDC as a key replication
tool. In their work, L. Hao, T. Jiang, Y. Lin, and Y. Lu [8] propose a classification of approaches to solving the CDC
problem from the perspective of change source types-transaction logs, triggers, and timestamps. D. Seenivasan
and M. Vaithianathan [14] analyze in detail the adaptation of CDC to the architecture of modern real-time com-
puter systems, emphasizing the balance between the frequency of change capture and the load on the system.
F. M. Imani, Y. D. L. Widyasari, and S. P. Arifin [12] consider CDC as a means of optimizing ETL processes, in
particular to reduce data duplication and speed up analytical processing. T. Zheng, G. Chen, X. Wang, C. Chen,
X. Wang, and S. Luo [20] explore CDC in the context of intelligent real-time big data processing, demonstrating
the effectiveness of a coordinated environment for interaction between data sources, processing platforms, and
applications. H. Chandra [4] conducted an experimental comparison of the effectiveness of CDC implementa-
tion in different types of data structures, allowing CDC to be adapted to the specifics of storage systems. Further
research into adaptive algorithms for constructing change dependency graphs to optimize the CDC process in
large distributed systems is promising.

The second area focuses on the security aspects of data replication and ensuring protection when imple-
menting CDC on the front end. In his publication, Y. Horbenko [11] develops the concept of a secure automated
framework with built-in encryption on the client side and implementation of the Zero Trust approach to AP],
which minimizes the risks of confidentiality loss during replication. In a subsequent study, Y. Horbenko [10]
shows how the use of confidential computing technologies, in particular secure computing enclaves and homo-
morphic encryption, increases the security of front-end components during the exchange process. A promising
direction in this area is the development of CDC processes with end-to-end encryption and anonymization at
the source level, which complicates unauthorized analysis of change streams.

The third area covers architectural and infrastructure solutions for implementing CDC in cloud and dis-
tributed environments. R. B. Yurinec and I. B. Pirko [1] proposed innovative methods for integrating CDC into
data warehouse filling procedures, emphasizing adaptability to changes in sources. D. Leschert, K. Sommerstad,
J. Janzen, and C. Wester [3] analyze the difficulties of configuring CDC in industrial distributed environments,
where configuration accuracy critically affects replication quality. B. Vagadia [17] considers CDC in the broader
context of digital disintermediation and business process transformation, where replication performs the func-
tion of real-time updating of digital copies. In W. Q. Yan's monograph [18], CDC is described as a basic element of
streaming data collection in intelligent video surveillance systems, which requires high performance and fault
tolerance. A. Zakiah, R. Yusuf, and A. S. Prihatmanto [19] analyze the role of CDC in ensuring high data availa-
bility in the digital age at the conference. The development of CDC as a microservice with dynamic routing of
changes in a multi-cloud environment with limited resources is promising.

The fourth area is related to the support of CDC in document management, analytics, and data governance
within complex digital environments. The study by P. Dhakal, M. Munikar, and B. Dahal [6] presents an approach
to automated data extraction from documents using a template-matching method, which can be integrated into
CDC processes. The research conducted by P. A. Harris, R. Taylor, B. L. Minor, V. Elliott, M. Fernandez, L. O'Neal,
L. McLeod, G. Delacqua, F. Delacqua, ]. Kirby, and S. N. Duda [9] describes the work of the REDCap consortium,
where CDC ensures the synchronization of changes in medical records across platforms. A promising direction
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is the integration of CDC with semantic data tagging mechanisms for enhanced contextual analysis in health-
care and public administration systems.

Despite significant progress in the field of incremental data loading, a number of aspects of the overall prob-
lem remain unresolved. In particular, the specifics of working with streaming sources in a cloud environment,
where the dynamics of changes, uneven data flow, and parallel access conflicts create significant difficulties
for stable processing, have not been sufficiently researched. Existing approaches do not fully address the need
for transactionality, consistency, and version control in distributed analytics systems. There is also a lack of
uniform criteria for evaluating the effectiveness of incremental update procedures in terms of performance,
scalability, and data integrity. Much of the research relies on limited experimental scenarios or demonstrates
applied implementations without proper generalized analytics.

The proposed study aims to partially fill these gaps by systematically analyzing theoretical and applied ap-
proaches to incremental loading, identifying key limitations of their application in cloud environments, and sub-
stantiating criteria for the effectiveness of adaptive change processing. Particular attention is paid to the potential
of using platforms such as Delta Lake from the perspective of transactional updates, version control, and integra-
tion with streaming mechanisms. This allows us to expand the existing understanding of the functional capabili-
ties of CDC in complex infrastructures and form a basis for further applied research and project solutions.

The purpose of this article is to provide scientific justification and develop approaches to improving the
efficiency of real-time data replication by optimizing Change Data Capture methods, taking into account the
specifics of modern distributed computing environments.

To achieve this goal, the following tasks are to be performed:

1. Analyze technical approaches and architectural models for implementing CDC in cloud and hybrid envi-
ronments in order to assess their impact on latency and computing costs.

2. Justify the criteria for the effectiveness of CDC procedures, taking into account source types, processing
modes, consistency, and scalability.

3. Identify problems with the application of CDC in high-load systems and formulate recommendations for
their elimination based on adaptive buffering, asynchronous logging, and in-memory processing.

Presentation of the main material. CDC is the basis of modern synchronization processes in real-time sys-
tems. Its key purpose is to ensure fast and efficient transfer of only changed records from data sources to an-
alytical platforms or target repositories without the need for a full table scan. This approach reduces latency,
optimizes the use of network and computing resources, and ensures data relevance in heterogeneous environ-
ments. The development of cloud computing, streaming analytics, and microservice architecture has led to the
emergence of various technical implementations of CDC, which differ in data sources, integration mechanisms,
and configuration flexibility (Tab. 1).

Table 1
Technical Approaches to CDC Implementation and Their Functional Characteristics
Technical Approach Description of Operation Mechanism Functional Features
Triggers in Database Utilization of SQL triggers that respond to |Rapid implementation in traditional DBMSs;
Management Systems insert, update, or delete operations within | ensures transactional consistency
(DBMSs) tables
Transaction Log Analysis Captures changes directly from the DBMS | Minimal impact on the data source; high
transaction log (e.g., WAL in PostgreSQL) |accuracy of changes; preserves temporal
sequence
Snapshot-Based CDC Compares the current table state with a DBMS-independent; suitable for legacy
previous version using control values systems
Event Stream Processing Detects changes through streaming Supports scalable real-time change
platforms (e.g., Apache Kafka, Apache processing; integrates with analytical
Pulsar, Debezium) pipelines
Platform-Oriented CDC Employs managed services (e.g., Google Enables automation; integrates with
Services BigQuery Data Transfer, Snowflake cloud-based analytics services; reduces
Streams, Azure CDC) operational workload

Source: compiled by the author based on [3; 4; 5; 7; 13]

In real-world conditions, preference is usually given to combinations of approaches, in particular the com-
bination of transaction log analysis with event processing using Apache Kafka or Debezium, which allows large
volumes of data to be processed in real time without overloading the sources. This solution provides low la-
tency, scalability, and asynchronous data delivery to multiple consumers [5]. In cloud environments, where
the “data as a service” model prevails, platform solutions such as Google Cloud BigQuery or Snowflake are
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increasingly being used, in which CDC functions are implemented at the infrastructure level as managed servic-
es, which greatly simplifies the deployment of complex ETL (Extract, Transform, Load) processes and ensures
resilience to peak loads [13]. In distributed architectures and microservice approaches, event-driven CDC is
the most promising for building adaptive synchronization systems capable of responding to data changes with
minimal processing costs [16].

In modern information systems, data replication using CDC technology has become an integral part of en-
suring consistency, continuity of processing, and scalability of computing processes. This is especially true in
cloud and hybrid environments, where data is located in different regions, different types of storage and ser-
vices are used, and the load on systems changes dynamically. CDC minimizes the amount of data transferred by
focusing only on changed records, which is especially important when processing large streams of information
in real time. However, the effectiveness of such replication largely depends on the architectural model of its
implementation, which must take into account not only the computing capabilities of the system, but also the
requirements for latency, consistency, and infrastructure costs (Tab. 2).

Table 2
Architectural Models for Data Replication Using CDC in Cloud and Hybrid Environments
Architectural Model Description of Structur.e and Component Potential fox: La'lten_cy and Cost
Interaction Optimization
Push-Based Replication The data source independently initiates the Suitable for low-latency scenarios but
Model transmission of changes to the replica or requires a stable connection; limited flow
handler control
Pull Model with Periodic | A CDC agent or replica periodically queries the |Lower processing overhead but higher
Polling source for updates latency, especially with large data
volumes
Event-Driven Model with | Changes are written to a log (e.g., Kafka), from | Highly scalable; ensures low latency;
Event Broker which they are delivered to consumers enables real-time event processing
CDC via Embedded Cloud | Replication is managed through cloud-based Minimal maintenance effort; optimized
Services platforms (e.g., Google Dataflow, Azure Synapse, | for cloud provider infrastructure
Snowpipe)

Source: compiled by the author based on [2; 6; 7; 17; 19; 20]

In practice, event-driven models are increasingly favored, wherein changes are captured in real time us-
ing event brokers such as Apache Kafka or Google Pub/Sub and then distributed to consumers or processors
through streaming systems like Apache Flink or Google Dataflow [7]. This approach significantly reduces laten-
cy under high volumes of change while ensuring scalability and component isolation. Cloud-managed services,
such as Snowpipe in Snowflake or CDC pipelines in Microsoft Azure Synapse, automate event processing by dy-
namically allocating computing resources based on actual workloads. This minimizes administrative overhead
and helps prevent system downtime [15]. In complex hybrid architectures, hybrid models are being adopted
more frequently. These allow for differentiated change capture frequencies based on data type or priority. For
instance, critical transactions are recorded using event-driven methods, while secondary analytical data is up-
dated in batches [2]. Consequently, the architecture of CDC-based replication must remain flexible and adaptive
to meet contemporary demands for availability, processing speed, and infrastructure cost efficiency.

The effectiveness of implementing Change Data Capture (CDC) procedures in complex information environ-
ments depends not only on the choice of technology or tool, but primarily on the alignment of CDC mechanisms
with data source types, processing modes, and specific update scenarios. There is no universal approach to CDC
implementation, as different systems (transactional databases, analytical warehouses, streaming sources, or
non-relational NoSQL systems) have distinct requirements regarding latency, consistency, and availability. In
real-time contexts, it is particularly important to ensure consistency guarantees, adapt to variable workloads,
and maintain scalability without compromising data integrity. Therefore, establishing clear criteria for evaluat-
ing the efficiency of CDC procedures is a necessary prerequisite for their optimal use in modern heterogeneous
architectures.

In practical settings, the implementation of CDC procedures often involves finding a compromise between
latency and consistency, depending on the characteristics of the data source. For instance, financial transac-
tional systems prioritize strict transactional consistency, where minor delays are acceptable, but any loss or
inconsistency of changes is intolerable. In streaming architectures with high-frequency updates, the priority is
minimizing latency, even at the cost of temporary incompleteness, which is later resolved by event processors
[11]. In cloud environments, scalability and resource efficiency are of primary importance. Platforms such as
Snowflake employ adaptive CDC mechanisms with integrated services like Snowpipe Streaming, which provide
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low latency and automatic load balancing under distributed conditions. This approach enables the integration
of heterogeneous data sources and optimizes replication channels without requiring modifications to the ar-
chitecture of the source system.

Table 3
Efficiency Criteria for CDC Implementation in the Context of Data Source Types,
Processing Modes, and Update Scenarios
Efficiency Criterion Description Dependence on Source or Scenario
Transmission latency The time between a change in the source and Critical for streaming data and OLTP
its appearance in the target system systems (Online Transaction Processing)
Throughput The number of changes the system can process |Important for replicating large data batches,
per unit of time archives, and batch updates
Change consistency Guarantee of the correct order and Essential for financial and healthcare
completeness of changes in the target replica systems where incomplete replication is
unacceptable
Scalability The ability of the CDC architecture to support | Crucial for cloud environments and multi-
increasing data volume and number of component microservice architectures
consumers
Connectivity flexibility | The ability to integrate CDC with diverse Important for hybrid architectures,
sources including relational, NoSQL, and API- integration platforms, and ETL pipelines
based systems
Resource utilization The ratio between processing costs and A key parameter in systems with limited
efficiency replication speed computing resources

Source: compiled by the author based on [1; 4; 6; 8; 10; 12; 20]

In systems with high-frequency data changes, the implementation of Change Data Capture (CDC) proce-
dures encounters a range of systemic challenges that significantly affect the stability, reliability, and efficiency
of real-time data processing. One of the primary issues is performance instability caused by the overloading of
change transmission channels, especially during peak loads or when changes arrive unevenly. In high-transac-
tion environments, CDC systems based on triggers or periodic scanning can place considerable strain on the
source database, reducing overall throughput and increasing response times [16]. Even when using event-driv-
en architectures with message brokers, there remains a risk of exceeding queue limits, which may result in
delays or data loss under constrained computational resources [7].

Another critical issue involves conflicts arising from concurrent data access, which occur when multiple
subsystems simultaneously read, process, and update records. In such cases, the integrity of the transactional
context may be compromised, particularly in systems lacking centralized control over change streams. This
becomes especially problematic in distributed databases or environments with microservice architectures,
where CDC data consumers operate independently. Such independence can lead to state desynchronization
or duplicated processing [8]. Even when transaction logs are used as the primary source of change data, it is
not always possible to guarantee the correct order of events, especially in the presence of network delays or
node failures [20]. An additional challenge lies in the compatibility limitations of CDC solutions with traditional
database management systems (DBMS) and streaming platforms. Some legacy DBMSs, particularly those that
do not support external access to transaction logs or rely on outdated locking mechanisms, significantly com-
plicate the implementation of CDC without substantial infrastructure modification [5]. At the same time, many
streaming platforms, such as Apache Flink or Amazon Kinesis, impose specific requirements on event formats
and delivery order that do not always align with the capabilities of the data source. This creates the need for
supplementary adapters, converters, or buffering layers, which increase system complexity, introduce potential
points of failure, and reduce overall system stability [18].

Enhancing Change Data Capture (CDC) procedures in environments characterized by high-frequency chang-
es and variable workloads requires the implementation of adaptive technological solutions capable of main-
taining system resilience during peak loads, improving data consistency, and optimizing the use of compu-
tational resources. One of the key areas of improvement involves the adoption of adaptive change buffering
mechanisms, which enable the dynamic adjustment of the volume of events accumulated prior to processing
based on the current system state and available resources. Such buffering can be implemented either at the data
source (for instance, in the form of commit logs with timestamps) or within the intermediate event broker layer,
where intelligent queue management with prioritization is applied.

Another important component of CDC optimization is the use of asynchronous change logging. Offloading
change capture to a separate process helps prevent blocking the main transaction processing flow, enables
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independent scaling of processing components, and reduces latency. Asynchronous change handling, when
combined with timestamps and transaction identification mechanisms, ensures the orderly delivery of changes
to replicated target systems or analytical services. This approach is particularly effective in systems with a high
volume of parallel transactions, where synchronous CDC logging can negatively impact overall performance.

The third direction involves integrating CDC mechanisms with in-memory analytics, allowing modified data
to be processed directly in main memory prior to final storage. This approach enables near-real-time analytics
and forecasting without the need to wait for the completion of the full ETL cycle. In cloud environments, such
integration is typically implemented through the use of in-memory computational clusters, such as Apache Ig-
nite or Google BigQuery BI Engine, where modified data is delivered from CDC channels immediately following
event processing. This makes it possible not only to reduce system response latency to data changes, but also to
enable adaptive scaling of computational resources based on the context of the analytical query.

Collectively, these approaches provide a multi-level improvement in the efficiency of CDC procedures by
reducing the impact of workload on performance, enhancing transactional consistency, minimizing analytical
processing latency, and improving adaptability to the current demands of real-time distributed computing.

Conclusions. This study substantiates the role of Change Data Capture (CDC) technology as a key compo-
nent of effective real-time data replication within modern cloud and hybrid architectures. It has been estab-
lished that the efficiency of CDC implementation depends not only on the technical solution itself but also on
its alignment with the type of data source, the nature of data changes, and the requirements for consistency,
scalability, and latency. The analysis identified the most relevant architectural models for CDC deployment,
described the criteria for their effectiveness, and examined technical constraints that arise in systems with
high-frequency data changes. The main challenges include performance instability, conflicts during concurrent
data access, and compatibility issues with certain database management systems and streaming platforms.
The study provides a scientific rationale for the adoption of adaptive buffering mechanisms, asynchronous
change logging, and integration with in-memory analytics as strategic directions for enhancing the reliability
and performance of CDC infrastructures. Future research should focus on intelligent strategies for the dynamic
optimization of CDC processes based on workload context and business process characteristics.
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