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ABSTRACT  

The integration of Artificial Intelligence (AI) into enterprise applications has 

revolutionized the way businesses operate, offering unprecedented levels of 

automation, efficiency, and decision-making capabilities. One of the most 

significant advancements in this domain is the adoption of AI microservices, 

which allow enterprises to deploy AI functionalities in a modular, scalable, 

and efficient manner. This research article provides a comprehensive review 

of the use cases and implementation frameworks of AI microservices in 

enterprise applications. We explore the architectural paradigms, benefits, 

challenges, and future directions of AI microservices, supported by three 

detailed tables that categorize use cases, implementation frameworks, and 

performance metrics. The article concludes with a discussion on the potential 

of AI microservices to drive innovation and competitiveness in the enterprise 

landscape. 
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1. Introduction 

The rapid evolution of Artificial Intelligence (AI) has led to its widespread adoption across various industries, 
transforming traditional business processes and enabling new capabilities [1], [2]. Enterprises are increasingly 
leveraging AI to enhance customer experiences, optimize operations, and drive innovation. However, the 
integration of AI into enterprise applications is not without challenges. Traditional monolithic architectures 
often struggle to accommodate the dynamic and resource-intensive nature of AI workloads, leading to 
inefficiencies and scalability issues [3]. 

 

Figure 1: A typical microservice architecture. 
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In response to these challenges, the concept of AI microservices has emerged as a promising solution. AI 
microservices are modular, self-contained units of AI functionality that can be independently developed, 
deployed, and scaled [4]–[6]. This architectural approach allows enterprises to integrate AI capabilities into 
their applications in a flexible and efficient manner, enabling them to respond quickly to changing business 
needs and technological advancements. 

This research article aims to provide a comprehensive review of AI microservices in enterprise applications, 
focusing on their use cases and implementation frameworks. We begin by discussing the architectural 
paradigms of AI microservices, followed by an in-depth exploration of their benefits and challenges. We then 
present a detailed analysis of various use cases, supported by a table that categorizes these use cases based 
on industry and application. Next, we examine the implementation frameworks for AI microservices, 
including a table that compares different frameworks based on their features and capabilities. Finally, we 
discuss the performance metrics associated with AI microservices, supported by a table that highlights key 
performance indicators (KPIs) and their impact on enterprise applications [7]. 

2. Architectural Paradigms of AI Microservices 

The architectural design of AI microservices is a critical factor in their successful implementation and 
operation. Unlike traditional monolithic architectures, which bundle all functionalities into a single, tightly 
coupled unit, microservices architecture decomposes applications into smaller, loosely-coupled services. Each 
service is responsible for a specific function and can be developed, deployed, and scaled independently [8]. 
This modular approach offers several advantages, including improved scalability, flexibility, and resilience. In 
the context of AI, microservices architecture enables enterprises to deploy AI functionalities as independent 
services that can be integrated into various applications. For example, a natural language processing (NLP) 
microservice can be used to power chatbots, sentiment analysis, and language translation across different 
enterprise applications [9]–[11]. Similarly, a computer vision microservice can be used for image recognition, 
object detection, and video analysis in applications ranging from security surveillance to retail analytics. 

The architectural paradigms of AI microservices can be broadly categorized into three layers: the data layer, 
the AI model layer, and the application layer. The data layer is responsible for ingesting, processing, and 
storing data from various sources, such as sensors, databases, and external APIs. The AI model layer consists 
of the AI algorithms and models that perform specific tasks, such as classification, regression, and clustering. 
The application layer integrates the AI microservices into enterprise applications, providing the necessary 
interfaces and APIs for interaction. One of the key challenges in designing AI microservices is ensuring 
seamless communication and coordination between the different layers. This requires the use of standardized 
protocols and interfaces, such as RESTful APIs, gRPC, and message queues. Additionally, the deployment and 
management of AI microservices require robust orchestration and monitoring tools, such as Kubernetes, 
Docker, and Prometheus, to ensure optimal performance and reliability. 

3. Benefits of AI Microservices in Enterprise Applications 

The adoption of AI microservices in enterprise applications offers several benefits, including improved 
scalability, flexibility, and efficiency. These benefits are particularly important in the context of AI, where the 
dynamic and resource-intensive nature of workloads can pose significant challenges for traditional 
architectures. 

3.1 Scalability 

One of the primary advantages of AI microservices is their ability to scale independently. In a monolithic 
architecture, scaling an application typically involves scaling the entire system, which can be inefficient and 
costly. In contrast, AI microservices allow enterprises to scale specific functionalities based on demand, 
enabling them to allocate resources more effectively and reduce operational costs. For example, an e-
commerce platform may experience a surge in traffic during a holiday sale, leading to increased demand for 
recommendation engines and personalized marketing. With AI microservices, the platform can scale the 
recommendation engine independently, ensuring that it can handle the increased load without affecting 
other parts of the system [12]. This level of granular scalability is particularly important for AI workloads, 
which can vary significantly in terms of resource requirements and processing times. 
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3.2 Flexibility 

AI microservices also offer greater flexibility in terms of development and deployment. Since each 
microservice is developed and deployed independently, enterprises can adopt a more agile approach to 
software development, enabling them to respond quickly to changing business needs and technological 
advancements. For example, a financial services company may want to integrate a new fraud detection 
algorithm into its existing application. With AI microservices, the company can develop and deploy the new 
algorithm as a separate service, without having to modify the entire application. This allows the company to 
experiment with different algorithms and models and quickly iterate based on feedback and performance 
metrics. 

3.3 Efficiency 

The modular nature of AI microservices also contributes to improved efficiency in terms of resource 
utilization and performance. By decomposing applications into smaller, self-contained units, enterprises can 
optimize the use of computational resources, such as CPU, memory, and storage. This is particularly 
important for AI workloads, which can be computationally intensive and require specialized hardware, such 
as GPUs and TPUs. Additionally, AI microservices enable enterprises to leverage cloud-based infrastructure 
and services, such as AWS, Azure, and Google Cloud, to further enhance efficiency. Cloud platforms offer a 
wide range of AI services and tools, such as pre-trained models, data processing pipelines, and machine 
learning frameworks, that can be easily integrated into AI microservices. This allows enterprises to focus on 
developing and deploying AI functionalities, without having to worry about the underlying infrastructure. 

4. Challenges of AI Microservices in Enterprise Applications 

Despite the numerous benefits, the adoption of AI microservices in enterprise applications is not without 
challenges. These challenges can be broadly categorized into technical, organizational, and operational issues, 
which need to be addressed to ensure the successful implementation and operation of AI microservices. 

4.1 Technical Challenges 

One of the primary technical challenges associated with AI microservices is ensuring seamless communication 
and coordination between the different services. This requires the use of standardized protocols and 
interfaces, such as RESTful APIs, gRPC, and message queues, which can be complex to implement and 
maintain. Additionally, the deployment and management of AI microservices require robust orchestration 
and monitoring tools, such as Kubernetes, Docker, and Prometheus, to ensure optimal performance and 
reliability. These tools can be difficult to configure and manage, particularly in large-scale and distributed 
environments. Another technical challenge is ensuring the security and privacy of data used by AI 
microservices. AI workloads often involve the processing of sensitive and confidential data, such as customer 
information, financial transactions, and healthcare records. Ensuring the security and privacy of this data 
requires the implementation of robust encryption, authentication, and access control mechanisms, which can 
be complex and resource intensive. 

4.2 Organizational Challenges 

The adoption of AI microservices also poses several organizational challenges, particularly in terms of skills 
and expertise. Developing and deploying AI microservices requires a diverse set of skills, including software 
engineering, data science, and cloud computing, which may not be readily available within the organization 
[13]. Additionally, the adoption of AI microservices often requires a cultural shift within the organization, 
particularly in terms of collaboration and communication. Traditional development teams may be 
accustomed to working in silos, with limited interaction between different teams and departments. The 
adoption of AI microservices requires a more collaborative and cross-functional approach, with close 
coordination between data scientists, software engineers, and business stakeholders. 

4.3 Operational Challenges 

Finally, the adoption of AI microservices poses several operational challenges, particularly in terms of 
monitoring and maintenance. AI microservices are often deployed in dynamic and distributed environments, 
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where they need to interact with multiple services and systems. Ensuring the reliability and performance of 
these services requires continuous monitoring and proactive maintenance, which can be resource-intensive 
and time-consuming [14]. Additionally, the dynamic nature of AI workloads can pose challenges in terms of 
resource allocation and capacity planning. AI workloads can vary significantly in terms of resource 
requirements and processing times, making it difficult to predict and allocate resources effectively. This 
requires the use of advanced monitoring and analytics tools, which can provide real-time insights into the 
performance and resource utilization of AI microservices. 

5. Use Cases of AI Microservices in Enterprise Applications 

The adoption of AI microservices in enterprise applications spans a wide range of industries and use cases. 
In this section, we provide a detailed analysis of various use cases, supported by a table that categorizes 
these use cases based on industry and application. 

 

 

Figure 2: High-level flow diagram of GNN applications for microservices. [15] 

5.1 Retail and E-commerce 

In the retail and e-commerce industry, AI microservices are used to enhance customer experiences, optimize 
supply chain operations, and drive sales. One of the most common use cases is the deployment of 
recommendation engines, which analyze customer behavior and preferences to provide personalized product 
recommendations [16]. These recommendation engines are typically implemented as AI microservices, 
allowing them to be easily integrated into various applications, such as e-commerce platforms, mobile apps, 
and social media channels. Another use case in the retail and e-commerce industry is the deployment of 
chatbots and virtual assistants, which use natural language processing (NLP) to interact with customers and 
provide support [17]. These chatbots can handle a wide range of tasks, such as answering customer queries, 
processing orders, and providing product recommendations. By deploying these chatbots as AI microservices, 
retailers can ensure that they are scalable, flexible, and efficient [14], [18]. 

5.2 Financial Services 

In the financial services industry, AI microservices are used to enhance risk management, fraud detection, 
and customer service. One of the most common use cases is the deployment of fraud detection algorithms, 
which analyze transaction data to identify suspicious activities and prevent fraudulent transactions. These 
algorithms are typically implemented as AI microservices, allowing them to be easily integrated into various 
applications, such as online banking platforms, payment gateways, and mobile apps [19]. Another use case 
in the financial services industry is the deployment of robo-advisors, which use machine learning algorithms 
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to provide personalized investment advice. These robo-advisors analyze customer data, such as financial 
goals, risk tolerance, and investment preferences, to provide tailored recommendations. By deploying these 
robo-advisors as AI microservices, financial institutions can ensure that they are scalable, flexible, and 
efficient. 

5.3 Healthcare 

In the healthcare industry, AI microservices are used to enhance patient care, optimize clinical operations, 
and drive medical research. One of the most common use cases is the deployment of diagnostic algorithms, 
which analyze medical images, such as X-rays, MRIs, and CT scans, to detect diseases and abnormalities [20]. 
These algorithms are typically implemented as AI microservices, allowing them to be easily integrated into 
various applications, such as electronic health records (EHR) systems, telemedicine platforms, and medical 
imaging software. Another use case in the healthcare industry is the deployment of predictive analytics 
models, which analyze patient data to predict the likelihood of diseases, complications, and readmissions. 
These models can be used to identify high-risk patients, optimize treatment plans, and improve patient 
outcomes. By deploying these predictive analytics models as AI microservices, healthcare providers can ensure 
that they are scalable, flexible, and efficient. 

5.4 Manufacturing 

In the manufacturing industry, AI microservices are used to enhance production efficiency, optimize supply 
chain operations, and drive innovation. One of the most common use cases is the deployment of predictive 
maintenance algorithms, which analyze sensor data to predict equipment failures and schedule maintenance 
[21]. These algorithms are typically implemented as AI microservices, allowing them to be easily integrated 
into various applications, such as manufacturing execution systems (MES), enterprise resource planning 
(ERP) systems, and industrial IoT platforms. Another use case in the manufacturing industry is the 
deployment of quality control algorithms, which analyze production data to detect defects and ensure 
product quality. These algorithms can be used to monitor production processes, identify anomalies, and 
optimize quality control procedures. By deploying these quality control algorithms as AI microservices, 
manufacturers can ensure that they are scalable, flexible, and efficient. 

5.5 Transportation and Logistics 

In the transportation and logistics industry, AI microservices are used to enhance route optimization, fleet 
management, and supply chain visibility. One of the most common use cases is the deployment of route 
optimization algorithms, which analyze traffic data, weather conditions, and delivery schedules to optimize 
routes and reduce delivery times [22]. These algorithms are typically implemented as AI microservices, 
allowing them to be easily integrated into various applications, such as transportation management systems 
(TMS), fleet management systems, and logistics platforms. 

Another use case in the transportation and logistics industry is the deployment of demand forecasting 
models, which analyze historical data, market trends, and customer behavior to predict demand and optimize 
inventory levels. These models can be used to improve supply chain efficiency, reduce costs, and enhance 
customer satisfaction. By deploying these demand forecasting models as AI microservices, logistics providers 
can ensure that they are scalable, flexible, and efficient. 

Table 1: Use Cases of AI Microservices in Enterprise Applications 

Industry Use Case Description Example Applications 

Retail and E-
commerce 

Recommendation 
Engines 

Analyze customer behavior 
and preferences to provide 
personalized product 
recommendations 

E-commerce platforms, mobile 
apps, social media channels 
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Retail and E-
commerce 

Chatbots and 
Virtual Assistants 

Use natural language 
processing (NLP) to interact 
with customers and provide 
support 

Online customer support, 
order processing, product 
recommendations 

Financial 
Services 

Fraud Detection 
Algorithms 

Analyze transaction data to 
identify suspicious activities 
and prevent fraudulent 
transactions 

Online banking platforms, 
payment gateways, mobile apps 

Financial 
Services 

Robo-Advisors Use machine learning 
algorithms to provide 
personalized investment 
advice 

Investment platforms, financial 
planning tools 

Healthcare Diagnostic 
Algorithms 

Analyze medical images to 
detect diseases and 
abnormalities 

Electronic health records (EHR) 
systems, telemedicine 
platforms, medical imaging 
software 

Healthcare Predictive Analytics 
Models 

Analyze patient data to 
predict the likelihood of 
diseases, complications, and 
readmissions 

Patient monitoring systems, 
clinical decision support 
systems 

Manufacturing Predictive 
Maintenance 
Algorithms 

Analyze sensor data to 
predict equipment failures 
and schedule maintenance 

Manufacturing execution 
systems (MES), enterprise 
resource planning (ERP) 
systems, industrial IoT 
platforms 

Manufacturing Quality Control 
Algorithms 

Analyze production data to 
detect defects and ensure 
product quality 

Production monitoring 
systems, quality control 
systems 

Transportation 
and Logistics 

Route Optimization 
Algorithms 

Analyze traffic data, weather 
conditions, and delivery 
schedules to optimize routes 

Transportation management 
systems (TMS), fleet 
management systems, logistics 
platforms 

Transportation 
and Logistics 

Demand 
Forecasting Models 

Analyze historical data, 
market trends, and customer 
behavior to predict demand 

Supply chain management 
systems, inventory 
management systems 

6. Implementation Frameworks for AI Microservices 

The successful implementation of AI microservices in enterprise applications requires the use of robust and 
scalable frameworks that can support the development, deployment, and management of these services. In 
this section, we examine various implementation frameworks for AI microservices, including a table that 
compares different frameworks based on their features and capabilities. 

6.1 TensorFlow Serving 

TensorFlow Serving is a flexible, high-performance serving system for machine learning models, designed for 
production environments. It provides a simple and consistent API for serving TensorFlow models, allowing 
enterprises to deploy AI microservices with minimal effort [23]. TensorFlow Serving supports a wide range 
of models, including deep learning models, and provides features such as model versioning, automatic 
batching, and load balancing. One of the key advantages of TensorFlow Serving is its integration with the 

http://journal.uad.ac.id/index.php/JIFO/index


International Journal of Informatics Technology (INJIT)  
Vol. 3., No. 1, January 2025 
e-ISSN : 2985-9646 
https://jurnal.amrillah.net/index.php/injit 

http://journal.uad.ac.id/index.php/JIFO/index 

 

16 | P a g e  
International Journal of Informatics Technology (INJIT) 

TensorFlow ecosystem, which includes tools for model training, evaluation, and deployment. This allows 
enterprises to develop and deploy AI microservices using a unified framework, reducing the complexity and 
overhead associated with managing multiple tools and platforms [24]. 

6.2 Kubernetes 

Kubernetes is an open-source container orchestration platform that provides a robust and scalable 
framework for deploying and managing AI microservices [25]. Kubernetes allows enterprises to deploy AI 
microservices as containers, which can be easily scaled, updated, and managed. It provides features such as 
automatic scaling, load balancing, and self-healing, which are essential for ensuring the reliability and 
performance of AI microservices [26]. 

One of the key advantages of Kubernetes is its support for multi-cloud and hybrid cloud environments, 
allowing enterprises to deploy AI microservices across different cloud platforms and on-premises 
infrastructure. This provides greater flexibility and resilience, enabling enterprises to optimize resource 
utilization and reduce operational costs. 

6.3 Kubeflow 

Kubeflow is an open-source platform for deploying and managing machine learning workflows on 
Kubernetes. It provides a comprehensive set of tools and frameworks for developing, deploying, and 
managing AI microservices, including support for TensorFlow, PyTorch, and other machine learning 
frameworks. Kubeflow allows enterprises to build end-to-end machine learning pipelines, from data ingestion 
and preprocessing to model training and deployment [27]. One of the key advantages of Kubeflow is its 
integration with Kubernetes, which provides a scalable and resilient infrastructure for deploying AI 
microservices. Kubeflow also provides features such as model versioning, experiment tracking, and 
hyperparameter tuning, which are essential for developing and deploying high-quality AI models. 

6.4 Seldon Core 

Seldon Core is an open-source platform for deploying machine learning models on Kubernetes. It provides 
a simple and consistent API for serving machine learning models, allowing enterprises to deploy AI 
microservices with minimal effort [28]. Seldon Core supports a wide range of machine learning frameworks, 
including TensorFlow, PyTorch, and Scikit-learn, and provides features such as model versioning, automatic 
scaling, and monitoring. One of the key advantages of Seldon Core is its support for advanced deployment 
strategies, such as canary deployments and A/B testing, which allow enterprises to experiment with different 
models and algorithms in a controlled manner. This is particularly important for AI microservices, where 
the dynamic nature of workloads requires continuous experimentation and iteration. 

6.5 MLflow 

MLflow is an open-source platform for managing the end-to-end machine learning lifecycle. It provides a 
comprehensive set of tools and frameworks for developing, deploying, and managing AI microservices, 
including support for model tracking, experiment management, and model deployment. MLflow allows 
enterprises to build and deploy AI microservices using a unified framework, reducing the complexity and 
overhead associated with managing multiple tools and platforms [29]. One of the key advantages of MLflow 
is its support for multi-cloud and hybrid cloud environments, allowing enterprises to deploy AI microservices 
across different cloud platforms and on-premises infrastructure. MLflow also provides features such as model 
versioning, experiment tracking, and hyperparameter tuning, which are essential for developing and 
deploying high-quality AI models. 

Table 2: Comparison of Implementation Frameworks for AI Microservices 

Framework Key Features Supported 
Frameworks 

Deployment 
Strategies 

Integration 
with 
Kubernetes 
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TensorFlow 
Serving 

Model versioning, 
automatic batching, load 
balancing 

TensorFlow Single model, 
multi-model 

Yes 

Kubernetes Automatic scaling, load 
balancing, self-healing 

Any containerized 
application 

Rolling updates, 
canary 
deployments 

N/A 

Kubeflow Model versioning, 
experiment tracking, 
hyperparameter tuning 

TensorFlow, 
PyTorch, Scikit-
learn 

End-to-end 
machine learning 
pipelines 

Yes 

Seldon Core Model versioning, 
automatic scaling, 
monitoring 

TensorFlow, 
PyTorch, Scikit-
learn 

Canary 
deployments, A/B 
testing 

Yes 

MLflow Model tracking, experiment 
management, model 
deployment 

TensorFlow, 
PyTorch, Scikit-
learn 

Multi-cloud, hybrid 
cloud 

Yes 

7. Performance Metrics for AI Microservices 

The performance of AI microservices is a critical factor in their successful implementation and operation. In 
this section, we discuss the key performance metrics associated with AI microservices, supported by a table 
that highlights these metrics and their impact on enterprise applications [30]. 

7.1 Latency 

Latency is the time it takes for an AI microservice to process a request and return a response. Low latency 
is essential for ensuring a smooth and responsive user experience, particularly in real-time applications such 
as chatbots, recommendation engines, and fraud detection systems. High latency can lead to delays and 
inefficiencies, negatively impacting user satisfaction and overall system performance. 

7.2 Throughput 

Throughput is the number of requests that an AI microservice can handle per unit of time. High throughput 
is essential for ensuring that the microservice can handle a large volume of requests, particularly in high-
traffic applications such as e-commerce platforms, social media channels, and financial systems. Low 
throughput can lead to bottlenecks and system overload, negatively impacting performance and reliability. 

7.3 Accuracy 

Accuracy is the degree to which the predictions or outputs of an AI microservice match the expected results. 
High accuracy is essential for ensuring the reliability and effectiveness of AI microservices, particularly in 
applications such as diagnostic algorithms, predictive analytics models, and quality control systems [31]. Low 
accuracy can lead to incorrect predictions and decisions, negatively impacting business outcomes and user 
trust. 

7.4 Scalability 

Scalability is the ability of an AI microservice to handle increasing workloads by adding more resources. High 
scalability is essential for ensuring that the microservice can accommodate growing demand, particularly in 
dynamic and unpredictable environments such as e-commerce platforms, social media channels, and financial 
systems. Low scalability can lead to resource constraints and system failures, negatively impacting 
performance and reliability. 

7.5 Resource Utilization 

Resource utilization is the efficiency with which an AI microservice uses computational resources, such as 
CPU, memory, and storage. High resource utilization is essential for ensuring that the microservice can 
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operate efficiently and cost-effectively, particularly in resource-intensive applications such as image 
recognition, natural language processing, and predictive analytics. Low resource utilization can lead to 
inefficiencies and increased operational costs, negatively impacting overall system performance [32], [33]. 

Table 3: Performance Metrics for AI Microservices 

Metric Description Impact on Enterprise Applications 

Latency Time taken to process a request and return 
a response 

Affects user experience and system 
responsiveness 

Throughput Number of requests handled per unit of time Affects system capacity and 
performance 

Accuracy Degree to which predictions match expected 
results 

Affects reliability and effectiveness of 
AI microservices 

Scalability Ability to handle increasing workloads by 
adding more resources 

Affects system capacity and reliability 

Resource 
Utilization 

Efficiency with which computational 
resources are used 

Affects operational costs and system 
performance 

8. Conclusion 

The adoption of AI microservices in enterprise applications offers numerous benefits, including improved 
scalability, flexibility, and efficiency. However, the successful implementation and operation of AI 
microservices require careful consideration of architectural paradigms, implementation frameworks, and 
performance metrics [34]. This research article has provided a comprehensive review of the use cases and 
implementation frameworks of AI microservices, supported by detailed tables that categorize use cases, 
compare implementation frameworks, and highlight performance metrics [35]. 

As enterprises continue to embrace AI and digital transformation, the role of AI microservices in driving 
innovation and competitiveness will become increasingly important. By adopting a modular and scalable 
approach to AI integration, enterprises can unlock new capabilities, optimize operations, and deliver superior 
customer experiences [36]. However, to fully realize the potential of AI microservices, enterprises must 
address the technical, organizational, and operational challenges associated with their adoption, and invest 
in the necessary skills, tools, and infrastructure [37]. 

AI microservices represent a powerful and transformative approach to AI integration in enterprise 
applications. By leveraging the benefits of microservices architecture, enterprises can build agile, scalable, 
and efficient AI systems that drive business value and competitive advantage [38]. As the field of AI continues 
to evolve, the adoption of AI microservices will play a critical role in shaping the future of enterprise 
applications and digital transformation [12]. 
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