

SEMANTICS OF DATA MINING SERVICES IN CLOUD COMPUTING
ABSTRACT

The recent incorporation of new Data Mining and Machine Learning services within Cloud Computing providers is empowering users with extremely comprehensive data analysis tools including all the advantages of this type of environment. Providers of Cloud Computing services for Data Mining publish the descriptions and definitions in many formats and often not compatible with other providers. From a functional point of view, having the possibility to describe complete Data Mining services is fundamental to maintain the usability and especially the portability of these services independently of the software/hardware support or even the differences between cloud platforms. The main objective of this paper is to design a Data Mining service definition which allows to compose with a single and simple definition a complete service, in such way a data mining workflow can be ported and deployed in different providers or even in a Market Place of this type of ready-to-consume services. This article presents a semantic scheme for the definition and description of complete Data Mining services considering both the management of the service by the provider (price, authentication, Service Level Agreement, ...) and the definition of the Data Mining workflow as a service. It represents a solid contribution for paving the way to the standardization and industrialization of Data Mining services.To asses the validity of the scheme a list of services from Data Mining providers have been described and an example of a full service for a Random Forest algorithm has been defined as a service. In addition, a practical scenario has been developed, creating a deployment platform for Data Mining services to give functional support to the scheme, illustrating the practical benefits of the proposal for the end user.
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CHAPTER 1
1.1  INTRODUCTION

Cloud Computing (CC) has been introduced into our daily lives in a completely transparent and frictionless way. The ease of Internet access and the exponential increase in the number of connected devices has made it even more popular. Adopting the phenomenon of CC means a fundamental change in the way Information Technology services are explored, consumed or deployed. CC is a model of providing services to companies, entities and users, following the utility model, such as energy or gas. CC can be seen as a model of service provision where computer resources and computing power are contracted through the Internet of services (IS) [1]. The increase in the volume of data generated by companies and organizations is growing at an extremely high rate. According to Forbes [2], in 2020, the growth is expected to continue and data generation is predicted to increase by up to 4,300%, all motivated by the large amount of data generated by service users. By 2020, it is estimated that more than 25 billion devices will be connected to the Internet, according to Gartner [3], and that they will produce more than 44 billion GB of data annually. In this scenario, CC providers are currently leveraging their wide computing infrastructure by providing cloud consumers with new services for Data Mining (DM).
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A DM problem addressed using on-premise or DM Cloud Computing services

Cloud providers and services, such as Amazon SageMaker1 or Microsoft Azure Machine Learning Studio, offer a set of algorithms as services within CC platforms. Following this line, other CC platforms such as Algorithmia3 or Google Cloud ML4 , provide Machine Learning (ML) services at the highest level, with specific services for the detection of objects in images, sentiment analysis, text mining or forecasting, for instance. Each CC service provider has a specific definition of these services, which is generally incompatible with other service providers, not only in aspects related to DM but also in the management of the CC service. For instance, where one provider has a service with a Random Forest (RF) [4] algorithm, another provider has another similar name, features, or parameters for that algorithm, although the two might be the same. This makes it difficult to define services or service models independent of the provider as well as to compare services through a CC service broker [5]. Indeed, a standardization of the definition of services would boost competitiveness, allowing third parties to operate with these services in a totally transparent way, skipping the individual details of the providers. There are several proposals for the definition of services covering an important variety of both syntactic and semantic languages to achieve a correct definition and modeling of services. Solutions based on the proposal offered by Linked Data (LD) [6] can solve the problem of defining services from a perspective more comprehensive. LD undertakes models and structures from the Semantic Web, a technology that aims to expose data on the web in a more reusable and inter-operable way with other applications. The LD proposal allows you to link data and concept definitions from multiple domains through the use of the Semantic Web [7] articulated with RDF [8], Turtle [9] or JSON-LD [10] languages. Tasks in DM problems are approached traditionally with languages such as Python, R, or Scala, among others and more recently from CC platforms. The portability of this code created for an DM workflow is subject to dependencies on libraries, development environments or even the deployment architecture, so migration to other platforms can be challenging (see Figure 1). For this reason, if instead of using a programming language to migrate DM workflows, we use services or definition of services in CC that allow us to compose a workflow, this problem is overcome: the description of these services is standardized and all the complexity of the execution is left to the CC platform. The current trend in CC is heading towards the industrialization of IT services [11], [12], where standardization is necessary to maintain the rapid pace of change to which IT is subjected and offer better efficiency and effectiveness in the delivery of them. With this, the standardization and industrialization of DM services are the main motivations of the paper. The main objective of this work is the definition of DM services for CC platforms taking into account the LD principles. This definition of the service is not only focused on the main part of the service of DM (algorithms, workflows, parameters or models), but also it allows the definition and modeling of prices, authentication, Service Level Agreement (SLA), computing resources (instances) or catalogue, related to the management of the CC service. We present dmccschema, a semantic proposal based on LD to cover the entire definition of DM cloud services and that allows the exchange, portability, search and integration of this type of services on CC.
1.2 DATA MINING CONCEPT 

Data Mining is defined as non-trivial extraction of implicit, previously unknown, potentially useful information from data. It uses statistical, visualization and machine learning techniques to discover and present knowledge in a form which is easily understandable to humans. Data Mining is the process of exploration and analysis of large quantities of data in order to discover meaningful patterns and rules by automatic or semi automatic means. Without automation it is impossible to mine large volumes of data. In large databases, data mining solves the problem to discover the hidden but useful knowledge from data, which can help in the government and enterprises to make decisions so as to get more benefit from it. Data Mining is also known as Knowledge Discovery Databases-KDD.

1.2.1. Knowledge discovery process (KDD) 

The various steps in the KDD  process are explained below. 

· Data Integration-The data in integrated from a combination of multiple sources of data.  

· Data Selection and cleaning-The data relevant for analysis is retrieved from the database and noise and inconsistent data is removed.  

· Data Transformation-This step involves consolidation and transformation of data into forms appropriate for mining e.g., by performing aggregation of summary of data.  

· Data Mining- This is the most important step and it is done by use of intelligent patterns from data.  

· Pattern Evaluation-Evaluation includes identification of patterns that is interesting.
· Knowledge Presentation- To present the extracted or mined knowledge to the end user various visualization and knowledge representation techniques is used.
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Steps of KDD or data mining process
1.2.2. Components of Data Mining  
· Databases, data warehouses or other repository information- A set of databases such as data warehouses, spreadsheets and other kinds of information repositories where data cleaning and integration techniques may be employed.  
· Databases or data warehouses server- This component fetches data based on user’s request from a data warehouse.  
· Knowledge Base- The domain knowledge is employed for finding interesting and useful patterns.  
· Data Mining Engines-The functional modules that are used to perform tasks such as classification, association, clusters analysis etc.  
· Pattern Evolution Module- Interestingness measures are used to focus search towards interesting patterns.  
· Graphical User Interface- This component or module allows users to interact with the system by specifying a data mining task or a query through a graphical interface. It is an interface between the end user and the data mining system. 
1.2.3. Data-Mining Methods 

The two primary goals of data mining tend to be prediction and description. Prediction involves using some variables or fields in the database to predict unknown or future values of other variables of interest, and description focuses on finding human-interpretable patterns describing the data. The goals of prediction and description can be achieved through various data-mining methods described here.  
· Regression is learning a function that maps a data item to a real-valued prediction variable. Eg: Estimating the probability that a patient will survive given results of a set of diagnostic tests, predicting consumer demand for a new product as a function of advertising expenditure.  
· Classification is learning a function that classifies or maps a data item into one of several predefined classes. E.g.: Automated identification of objects of interest in large image databases and classifying of trends in financial market.  
· Clustering is a common descriptive task where one seeks to identify a finite set of categories or clusters to describe the data. The categories can be mutually exclusive and exhaustive or consist of a richer representation, such as hierarchical or overlapping categories. Eg: Discovering homogeneous subpopulations for consumers in marketing databases.  
· Change and deviation detection focuses on discovering the most significant changes in the data from previously measured values.  
· Dependency modeling consists of finding a model that describes significant dependencies between variables. Dependency models exist at two levels: 
· the structural level of the model specifies (often in graphic form) which variables are locally dependent on each other and 
· the quantitative level of the model specifies the strengths of the dependencies using some numeric scale. 
1.2.4. Applications of Data Mining 

Major application areas for data mining are as follows: 
Fraud detection: This is used for monitoring credit card fraud, watching over millions of accounts. It is used to identify financial transactions that might indicate money laundering activity. 
Investment: Numerous companies use data mining for investment, but most do not describe their systems. One exception is LBS Capital Management. Its system uses expert systems, neural nets, and genetic algorithms to manage portfolios. 
Marketing: In marketing, the primary application is database marketing systems, which analyze customer databases to identify different customer groups and forecast their behavior. 
Telecommunications: The telecommunications alarmsequence analyzer (TASA) offers pruning, grouping, and ordering tools to refine the results of a basic brute-force search for rules. Large sets of discovered rules can be explored with flexible information-retrieval tools supporting interactivity and iteration.
1.3 DMCC-SCHEMA: DATA MINING SERVICES WITH LINKED DATA 

Semantic Web applied to the definition of CC services, allow tasks such as negotiation, composition and invocation with a high degree of automation. This automation, based on LD is fundamental in CC because it allows services to be discovered and explored for consumption by other entities using the full potential of RDF and SparQL. LD offers a growing body of reusable schemata and vocabularies for the definition of CC services of any kind. In this article we propose dmcc-schema, a schema and a set of vocabularies which has been designed as a formal mechanism to address the problem of describing and defining DM services in CC. Not only it focuses on solving the specific problem of modeling, with the definition of workflow and algorithms, but it also includes the main aspects of a CC service. Existing LD vocabularies have been integrated into dmcc-schema and new vocabularies have been created ad-hoc to cover certain aspects that are not implemented by other external schemata. Vocabularies have been re-used following LD recommendations, filling important parts such as the definition of experiments and algorithms, as well as the interaction or authentication that were already defined in other vocabularies. There is no standardization about what elements a service in CC should have for its complete definition, but according to NIST5 , it must meet aspects such as self-service (discovery) or measurement (prices, SLA), among others. In this way, the basic elements of the management of a service by providers are the following elements:
· Authentication. The service or services require authenticated access. 

· Catalogue. The provider has a catalogue of services ready to be discovered and used. 

· Entities. Services interact between entities offering or consuming services. 

· Interaction. Access points and interfaces for services consumption for users and entities. 

· Prices. The services offered have a cost. 

· SLA/SLO. The services have Service Level agreements (SLA) and Service Level objective (SLO).
For the development of dmcc-schema, a comprehensive study of the features and services available on the DM platforms on CC has been carried out. contains information about the DM services analyzed from some CC providers; leading providers such as Google, Amazon, Microsoft Azure, IBM and Algorithmia, for whom, SLA, pricing for the different variants and conditions, service catalogue (DM algorithms), methods of interaction with the service, and authentication have been studied. Our schema has been complemented reusing external vocabularies: the interaction with the service, using schema.org, authentication, with Web Api Authentication (waa), price design, with GoodRelations and experimentation and algorithms with DM, using the dmcc-schema vocabulary. the vocabularies reused and created ad-hoc (marked with * such as, ccsla, cci: ccinstances, ccp: ccprices, ccr: ccregion) in dmcc-schema to define each module of the full service. the statistics of the vocabulary components created in dmcc-schema. dmcc-schema makes it possible to define both the work with DM, together with everything relating to the management of a generic CC service, in a single definition that is more compact and simple than the other proposals. The proposal is designed to serve as a point of union between service management and DM, being such elements not fully considered by the other proposals. The features provided by dmcc-schema are compared with the other proposals that are aligned with the definition of DM and/or modeling of generic services for CC. As pointed out, the proposal considers elements such as SLA, computing resources (instances), regions or authentication, along with all the elements of working with DM. dmcc-schema allows to structure the data and information of the services in a coherent way, normalizing the properties and the main concepts of the CC from the different DM service providers. Regarding the benefits of using dmccschema over other schemata, a) offers a flexible data structure that can integrate the properties of existing DM services, b) unifies different schemata into one and offers friction less integration of the different schemata included, and c) comprises an all-in-one solution for the definition of CC services for DM. With dmcc-schema we have tried to emphasize the independence of the CC platform, that is, dmcc-schema does not define aspects of service deployment or elements closer to implementation tools. dmcc-schema definition is at the highest level and only addresses the definition and modeling aspects of the service without going into the details of infrastructure deployment.
1.3.1 Authentication 

Nowadays, security in computer systems and in particular in CC platforms is an aspect that must be taken very seriously when developing CC services and applications. In this way, a service that is reliable and robust must also be secure against potential unauthorized access. In the outer layer of security in CC services consumption, authentication that should be considered as a fundamental part of a CC service definition. Authentication on CC platforms covers a wide range of possibilities. It should be noted that for the vast majority of services, the most commonly used option for managing user access to services are API Key or OAuth and other mechanisms. waa:WebApiAuthentication has been included for authentication modeling. This schema allows to model many of the authentication systems available. The model for the definition of authentication services is depicted in, together with the details of the authentication mechanisms. 

1.3.2 Data Mining service 

For the main part of the service, where the experimentation and execution of algorithms is specified and modeled, parts of ML-Schema (mls) have been reused. MEXcore, OntoDM, DMOP or Expos´e also provide an adequate abstraction to model the service, but they are more complex and their vocabulary is more extensive. ML-Schema has been designed to simplify the modeling of DM experiments and bring them into line with that which is offered by CC providers. We have extended ML-Schema by adapting its model to a specific one and inheriting all its features. 
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Semantic scheme for the definition of DM workflows with dmcc-schema
The following vocabulary components are highlighted (ccdm is the name of the schema used):

· ccdm:MLFunction Set the operations, function or algorithm to be executed. For example Random Forest or KNN. 

· ccdm:MLServiceOutput The output of the algorithm. Here the output of the workflow is modeled as Model, Model Evaluation or Data. 

· ccdm:MLServiceInput The algorithm input, which corresponds to the setting of the algorithm implementation. Here, you can describe the model the data entry of the experiment, such as the dataset and parameters (ccdm:MLServiceInputParameters) of the algorithm executed. 

· mls:Model Contains information specific to the model that has been generated from the run. 

· mls:Model Evaluation Provides the performance measurements of the model. 

· mls:Data They contain the information of complete tables or only attributes (table columns), instances (rows), or a single value. 

· mls:Task It is a part of the experiment that needs to be performed in the DM process.

1.3.3 Interaction 

The interaction with DM services is generally done through a RESTful API. This API provides the basic functionality of interaction with the service consumer, who must be previously authenticated to use the services identified in this way. For the interaction the Action entity of the vocabulary schema was used. With this definition, the service entry points, methods and interaction variables are fully specified for all services specified by the API. 

1.3.4 SLA: Service Level Agreement 

The trading of CC services sets up a series of contractual agreements between the stakeholders involved in the services. Both the provider and the consumer of the service must agree on service terms. The SLA define technical criteria, relating to availability, response time or error recovery.
The SLO are specific measurable features of the SLA such as availability, throughput, frequency, response time, or quality of service. In addition with the SLO, it needs to contemplate actions when such agreements cannot be achieved where in this case compensation is offered. The SLA studied for the DM service environment are established by terms and definitions of the agreements. These terms may have certain conditions associated with them which, in the case of violation, involve a compensation for the guarantee service. In general terms, SLA for CC services is given by a term of the agreements that contains one or more definitions similar to Monthly Up-time Percentage (MUP), which specifies the maximum available minutes less downtime divided by maximum available minutes in a billing month. For this term, a metric or interval is established over which a compensation is applied in the case that the agreement term is not satisfied. In this context, a schema named ccsla6 has been created for the definition of all the components of the SLA.
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SLA schema for CC services with ccsla
1.3.5 Pricing 

Like any other utility-oriented service, CC services are affected by costs and pricing that vary with the properties of the service offered. Following the pay-as-you-go model, the costs of using the service are directly related to the features of the service and the use made of it. The pricing of services in CC is a complex task. Not only there is a price plan for temporary use of resources, but it is also affected by technical aspects, configuration or location of the service. some of the price modifying aspects of the use of the DM service. In the specific segment of DM services in CC there are several elements to consider. 
· ccpricing:PricingPlan. It allows to define the attributes of the price plan and their details. For instance, a free, premium plan, or similar. It must match the attributes of MinPrice and MaxPrice. 

· gr:PriceSpecification. It provides all the tools to define the prices of the services at the highest level of detail. It comes from GoodRelations (gr) schema. 

· ccpricing:Compound. Components of the price of the service. Services are charged according to values that are related to certain attributes of the service configuration. In compound you can add elements such as type of instances as well as cost/price of the region. 

· ccinstances:Instance. Provides the specific vocabulary for the definition of price attributes related to the instance or instances where the DM service is executed.
· ccregions:Region. It allows to use of locations and regions schema, offered by providers. This is an additional value to the costs of the service, as part of the price.
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Pricing schema with ccpricing
For the modeling of this part, three vocabularies supplementing the definition of prices, have been developed which were not available. On the one side ccinstances7 , which contains everything necessary for the definition of instances (CPU, number of CPU cores, model, RAM or HD), on the other side ccregions 8 , which provides the general modeling of the service regions and location in CC and the last one the schema for the prices modeling ccpricing 9 . The complete diagram of the dmcc-schema is available on the project website, from which you can explore the relationships, entities, classes, and attributes of each of the modules that comprise the proposal.
1.4 CLOUD COMPUTING ASPECTS 

Basically cloud computing represents both the hardware and the software delivered as services over the Internet .The cloud Computing is an innovative notion that defines the use of computing as a utility, that has recently attracted significant attention. Cloud computing enables companies to consume and compute the resources as a utility -- just like electricity -- rather than having to build and maintain computing infrastructures in-house. There are so many striking benefits for businesses and end users provided by Cloud computing. Three main benefits of cloud computing includes: 

· Self-service provisioning: End users can turn up computing resources for almost any type of workload on-demand. 

· Elasticity: Companies can extend (scale up) and scale down as the computing needs increase and decrease respectively 

· Pay per use: It allows users to pay only for the resources and workloads what they use as the computing resources are measured at a granular level. Cloud computing services can be private, public or hybrid.
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Computing the Cloud with Digital India
Cloud computing represents all possible resources on the Internet, offering infinite computing power. As cloud computing is becoming a more significant technology trend, it could reshape the IT sector and the IT marketplace. 
1.5 CHARACTERISTIC ABOUT DATA MINING 

Data mining is widely used in different areas. There are several commercial data mining system available today and yet there are so many challenges in this field. Data mining represents finding useful patterns or trends through large amounts of data. Data mining is defined as a “type or kind of database analysis that attempts to find out useful patterns or relationships in a group of data. The analysis uses advanced statistical methods, such as cluster analysis, and sometimes employs artificial intelligence or neural network techniques. A major goal of data mining is to find out previously unknown relationships among the data, especially when the data come from diverse databases.”  
(i) Data Mining Applications 

Data mining is widely used in the following areas −  
· Financial Data Analysis
· Retail Industry
· Telecommunication Industry
· Biological Data Analysis
· Other Scientific Applications
· Intrusion Detection
(ii) Financial Data Analysis 
The financial data in banking and financial industry is generally reliable and of high quality which facilitates systematic data analysis and data mining. Some of the typical cases are as follows −  
· Design and construction of data warehouses for multidimensional data analysis and data mining.  
· The Loan payment forecast and customer credit policy analysis.  
· Categorization and clustering of customers for targeted marketing.  
· Detection of money laundering and other financial crimes. 
(iii) Retail Industry 
Data Mining is extensively used in Retail Industry because it collects huge amount of data from on sales, customer purchasing history, goods transportation, consumption and services. It is natural that the quantity of data collected will continue to expand rapidly because of the increasing ease, availability and popularity of the web. Data mining in retail industry helps in identifying customer buying patterns and trends that lead to improved quality of customer service and good customer retention and satisfaction. Here is the list of examples of data mining in the retail industry −  
· Design and Construction of data warehouses based on the benefits of data mining.  
· Multidimensional analysis of sales, customers, products, time and region

· Analysis of effectiveness of sales campaigns

· Customer Retention

· Product recommendation and cross-referencing of items

(iv)Telecommunication Industry 
Now a day’s the telecommunication industry is one of the most rising industries providing various services such as fax, pager, cellular phone, internet messenger, images, e-mail, web data transmission, etc. Due to the development of new computer and communication technologies, the telecommunication industry is rapidly expanding. This is the reason why data mining is become very important to help and understand the business. Data mining in telecommunication industry helps in identifying the telecommunication patterns, catch fraudulent activities, make better use of resource, and improve quality of service. Here is the list of examples for which data mining improves telecommunication services −  
· Multidimensional Analysis of Telecommunication data

· Fraudulent pattern analysis

· Identification of unusual patterns

· Multidimensional association and sequential patterns analysis

· Mobile Telecommunication services

· Use of visualization tools in telecommunication data analysis

(v) Biological Data Analysis 
In recent times, we have seen a tremendous growth in the field of biology such as genomics, proteomics, functional Genomics and biomedical research. Biological data mining is a very important part of Bioinformatics. Following are the aspects in which data mining contributes for biological data analysis −  
· Semantic integration of heterogeneous, distributed genomic and proteomic databases  
· Alignment, indexing, similarity search and comparative analysis multiple nucleotide sequences.  
· Discovery of structural patterns and analysis of genetic networks and protein pathways

· Association and path analysis

· Visualization tools in genetic data analysis

(vi) Other Scientific Applications 
The applications discussed above tend to handle relatively small and homogeneous data sets for which the statistical techniques are appropriate. Huge amount of data have been collected from scientific domains such as geosciences, astronomy, etc. A large amount of data sets is being generated because of the fast numerical simulations in various fields such as climate and ecosystem modeling, chemical engineering, fluid dynamics, etc. Following are the applications of data mining in the field of Scientific Applications −  
· Data Warehouses and data preprocessing

· Graph-based mining

· Visualization and domain specific knowledge

(vii) Intrusion Detection 
Intrusion refers to any type of action that threatens integrity or reliability, confidentiality, or the availability of network resources. In this world of connectivity, security has become the major issue. With increased usage of internet and availability of the tools and tricks for intruding and attacking network prompted intrusion detection to become a critical component of network administration. Here is the list of areas in which data mining technology may be applied for intrusion detection −  
· To Develop the data mining algorithm for intrusion detection.  
· Association and correlation analysis, aggregation to help select and build discriminating attributes.  
· Analysis of Stream data

· Distributed data mining

· Visualization and query tools

(viii) Data Mining System Products 
There are so many data mining system products and domain specific data mining applications. The new data mining systems and applications are being added to the previous systems. Also, efforts are being made to standardize data mining languages. 
1.6 Role of Data mining in Cloud Computing 

Data mining techniques and applications are very much needed in the cloud computing paradigm. As cloud computing is penetrating more and more in all ranges of business and scientific computing, it becomes a great area to be focused by data mining. “Cloud computing denotes the new trend in Internet services that rely on clouds of servers to handle tasks. Data mining in cloud computing is the process of extracting structured information from unstructured or semi-structured web data sources. The data mining in Cloud Computing allows organizations to centralize the management of software and data storage, with assurance of efficient, reliable and secure services for their users.” As Cloud computing refers to software and hardware delivered as services over the Internet, in Cloud computing data mining software is also provided in this way.

The main effects of data mining tools being delivered by the Cloud are: 

· The customer only pays for the data mining tools that he needs – that reduces his costs since he doesn’t have to pay for complex data mining suites that he is not using exhaustive; 

· The customer doesn’t have to maintain a hardware infrastructure, as he can apply data mining through a browser – this means that he has to pay only the costs that are generated by using Cloud computing. 

The use of data mining through Cloud computing reduces the difficulty that keep small companies from benefiting of the data mining instruments. “Cloud Computing denotes the new development in Internet services that rely on clouds of servers to handle tasks. Data mining in cloud computing is the process of extracting structured information from unstructured or semi-structured web data sources. The data mining in Cloud Computing permits the organizations to centralize software management and data storage, with guarantee of efficient, reliable and secure services for their users.”  Bye the accomplishment of data mining techniques through Cloud computing will permit the users to retrieve significant information from virtually integrated data warehouse that reduces the costs of infrastructure and storage.

1.7 Semantic-Aware Approach for Automatic Cloud Services Composition 

A Semantic-aware approach for automatic Cloud Services Composition is introduced. The Semantic-aware approach contains several novel algorithms including Output-Input matching algorithm for building a semantic network, Forward-Chaining algorithm for generating composite services and hybrid ranking method for finding the optimal composite service. 

1.7.1 Efficient Output-Input Matching Algorithm for Building a Semantic Network 

As the description of cloud services (i.e inputs-outputs, QoS Criteria and Cloud service characteristics) are stored in the Unified Ontology, the concept of Semantic Network [15] is adopted to facilitate services composition and to reduce consuming time for composition. A Semantic Network Semnet is a directed graph of cloud services (in a specific domain) where these services are linked by finding the matching similarity between their inputs and outputs. The matching similarity is performed using Semantic Casual Links [16]. Semantic Causal Link is a link of a semantic relationship between inputs and outputs of two cloud services. The outputs and inputs of cloud services are mapped to concepts in the Unified Ontology. Therefore, retrieving the semantic relationship between two cloud services s1 and s2 is similar to discovering the semantic similarity between two semantic concepts (Out-s1 and In-s2), where Out-s1 is the concept of the output of cloud service s1 whereas In-s2 is the concept of the output of cloud service s2. The function Sim(Out-s1, In-s2), called similarity function, is used to find semantic relationship between two cloud services s1 and s2. In other words, Sim(Out-s1, In-s2) function determines the semantic matching type between two concepts (Out-s1 and In-s2). The matching types [17] may obtained from Sim(Out-s1, In-s2) are: (i) Exact ( ( ): In this type, the output concept Out-s1 of a cloud service s1 and the input concept In-s2 of a cloud service s2 are semantically equivalent; formally: Out-s1 ( In-s2. Exact type takes the value 1. (ii) Plug-In ( ô ): In plug-in type, the output concept Out-s1 of a cloud service s1 is a sub-concept of the input concept In-s2 of a cloud service s2; formally: Out-s1 ô In-s2. Plugin type takes the value 1/2. (iii) Subsumed ( õ ): Subsumed type indicates that the output concept Out-s1 of a cloud service s1 is a super-concept of the input In-s2 of a cloud service s2; formally: Out-s1 õ In-s2. Subsumed type takes the value 1/3. (iv) Disjointed ( ( ): In this type, the output concept Out-s1 of a cloud service s1 and the input In-s2 of a cloud service s2 are none of the matching types mentioned above; formally: Out-s1 ( In-s2. Disjointed type takes the value 0. For simplicity, the function Sim(Out-s1, In-s2) feeds back the corresponding value of matching type, such as 1 for Exact type. As in [16], a Semantic Causal Link involves the semantic relationship between input and output of two cloud services. A Semantic Causal Link is defined as a triple< s1, Sim(Out-s1,In-s2), s2 > . s1 and s2 refer to two cloud services in a specific domain. Out-s1 is a concept for an output of the cloud service s1 whereas In-s2 is a concept for an input of the cloud service s2. The function Sim(Out-s1, In-s2) feeds back the matching type (the corresponding value) according to the matching degree between the concepts Out-s1, In-s2 in the Unified Ontology. A Semantic Causal Link < s1, Sim(Out-s1, In-s2), s2 > represents that: (i) s1 precedes s2, since an output of s1 is consumed by an input of s2 and (ii) No intermediate cloud service is existed between s1 and s2. A Valid Causal Link is a Semantic Causal Link < s1, Sim(Out-s1, In-s2), s2 > when the value of Sim(Out-s1, In-s2) is > 0. Finally, a Semantic Network Semnet is a set of cloud services (in a specific domain) where these services are linked by Valid Casual Links. For instance: we have a set of cloud services in the domain of weather. Each cloud service is represented as the tuple si = where id indicates a cloud service identifier, name denotes a cloud service name, ins is a set of input(s) of the cloud service si and outs is a set the output(s) of the cloud service si . For the sake of simplicity, we assume that each cloud service has one input and one output. 
1.7.2 Forward-Chaining based Algorithm for Finding Composite Services 

In order to automatically find a composite service that satisfies the request of a Cloud Service Consumer, a novel algorithm is proposed. 
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Flow Chart in Forward-Chaining Algorithm
The proposed algorithm adopts Forward-Chaining and Depth-First methods to generate composite services. The algorithm takes the input of the request as the start point, and the output of the request as the end point, and then finds all composite services may generate between these points. A composite service is a set of linked services, in a Semantic Network, that forms a path, which begins with the requested input and ends with the requested output. Assume there is a semantic network Semnet and a request R =, where ins is a set of requested input(s) and outs is a set of requested outputs. A set of composite service CSset ={path1,…,pathu,…,patho} where pathu is a composite service which is automatically generated as solutions for the request using Depth-First and Forward-Chaining methods. Each path, which presents a composite service, begins with the requested input and ends with the requested output.
1.7.3 Hybrid Ranking Method for Selecting Optimal Composite Service 

Forward-Chaining based algorithm produces a list of composite services in which each composite service can satisfy the functional requirement of the cloud services consumer. Therefore, a ranking method is required to find the optimal composite service. To this ends, a hybrid ranking method is adopted. This method goes in two steps, Similarity Quality Ranking and QoS-Aware Ranking. 
1.7.3.1 Similarity Quality Ranking 

In this step, the Similarity Quality of the each composite service is computed by multiplying the match type values of the links of the path which forms the composite service. The composite service that its path has the highest value is sent back to the service consumer as the optimal composite service. The Similarity Quality of a composite service CSu, which is formed by pathu, is computed as follows. Sim path Sim start s input Sim s output s input Sim s output end  (1) where Sim is the similarity function for obtaining the value matching type of two concepts(the value is 1, 1/2 or 1/3) as in section 3.1, start and end indicate the concepts of requested input and output of the request respectively. The parameters in Sim function are the links that form the pathu of the composite service CSu.
1.7.3.2 QoS-aware Ranking 

This step is used in the case that the highest value of Similarity Quality is obtained and found by more than one composite service. Thus, QoS-aware ranking is used to find the most suitable composite service, which has the highest Utility Value. Assume that the Forward-Chaining Algorithm produces a set of composite services CSset = {path1,…, pathu,…, patho} and each of these paths has the same highest Similarity Quality value. Then, Utility Value is required to rank and find the most suitable path (composite service) in respect of QoS Criteria. As each pathu forms a corresponding composite service CSu and for the sake for simplicity, in the following we use the concept composite service CSu instead of pathu. A composite service CSu, contains n cloud services, such that CSu ={sj , sj+1,…, sj+n-1}, and each service sj has five QoS Criteria ck, namely Price, Duration, Availability, Reliability and Reputation as described in the Unified Ontology.
CHAPTER 2
LITERATURE SURVEY

1. “A CLOUD BROKERAGE ARCHITECTURE FOR EFFICIENT CLOUD SERVICE SELECTION” D. LIN, A. C. SQUICCIARINI, V. N. DONDAPATI, AND S. SUNDARESWARAN,
The expanding cloud computing services offer great opportunities for consumers to find the best service and best pricing, which however raises new challenges on how to select the best service out of a huge pool. It is obvious time-consuming for consumers to collect the necessary information and analyze all service providers to make the decision. It is also a highly demanding task from a computational perspective, because the same computations may be conducted repeatedly by multiple consumers who have similar requirements. In this paper, we propose a novel brokerage-based architecture in the cloud, where the cloud brokers is responsible for the service selection. In particular, we design a unique indexing technique for managing the information of a large number of cloud service providers. We then develop an efficient service selection algorithm that recommend potential cloud service providers to the cloud consumers. Cloud services offer an elastic and scalable variety of storage space and computing capabilities, which are crucial to most business owners, especially small and medium sized businesses. While this has fueled the large growth in cloud services, the growing number of cloud services make it difficult for the potential users to weigh and decide which options suit their needs best. Without external helps, cloud service consumers must manage payments, governance, data movement, customization and enrichment, with providers and their services. This can rapidly become a difficult task [3], [8]. There is clearly a need of an additional computing layer on top the base service provisioning to enable tasks such as discovery, mediation, and monitoring. This additional layer of computing is referred to as a brokerage system. In general, a cloud broker is an intermediary between users and service providers, in charge of aggregating, integrating or customizing cloud services. One of the best known brokers is CloudSwitch, established in 2008 with service for only Amazon EC2. It has the ability to provide federated services on demand and make the cloud a secure and seamless extension of the enterprise data center. RightScale is another cloud broker that offers a cloud management platform to facilitate deployment and management of applications across multiple clouds. Recently, Dell has also claimed an interest in cloud services brokerage, and has been working in partnership with VMWare to provide new brokerage infrastructure and services. Among various responsibilities that a cloud broker can carry, the very first important task could be to help cloud consumers select the appropriate cloud service providers (CSPs) that satisfy their requirements. Therefore, existing web service selection algorithms cannot be directly applied to the cloud domain. Secondly, a cloud user may have a service requirement that cannot be fulfilled by any single CSP, thus requiring an aggregation of CSPs. Aggregating CSPs is nontrivial, as cloud service providers build complex relationships with one another through subcontracting mechanisms.
2. “EDGE COMPUTING: VISION AND CHALLENGES” W. SHI, J. CAO, Q. ZHANG, Y. LI, AND L. XU, 
The proliferation of Internet of Things (IoT) and the success of rich cloud services have pushed the horizon of a new computing paradigm, edge computing, which calls for processing the data at the edge of the network. Edge computing has the potential to address the concerns of response time requirement, battery life constraint, bandwidth cost saving, as well as data safety and privacy. In this paper, we introduce the definition of edge computing, followed by several case studies, ranging from cloud offloading to smart home and city, as well as collaborative edge to materialize the concept of edge computing. CLOUD computing has tremendously changed the way we live, work, and study since its inception around 2005. For example, software as a service (SaaS) instances, such as Google Apps, Twitter, Facebook, and Flickr, have been widely used in our daily life. Moreover, scalable infrastructures as well as processing engines developed to support cloud service are also significantly influencing the way of running business, for instance, Google File System, MapReduce, Apache Hadoop, Apache Spark, and so on. Internet of Things (IoT) was first introduced to the community in 1999 for supply chain management, and then the concept of “making a computer sense information without the aid of human intervention” was widely adapted to other fields such as healthcare, home, environment, and transports. Now with IoT, we will arrive in the post-cloud era, where there will be a large quality of data generated by things that are immersed in our daily life, and a lot of applications will also be deployed at the edge to consume these data. Some IoT applications might require very short response time, some might involve private data, and some might produce a large quantity of data which could be a heavy load for networks. Cloud computing is not efficient enough to support these applications. With the push from cloud services and pull from IoT, we envision that the edge of the network is changing from data consumer to data producer as well as data consumer. In this paper, we attempt to contribute the concept of edge computing. We start from the analysis of why we need edge computing, then we give our definition and vision of edge computing. Several case studies like cloud offloading, smart home and city as well as collaborative edge are introduced to further explain edge computing in a detailed manner, followed by some challenges and opportunities in programmability, naming, data abstraction, service management, privacy and security, as well as optimization metrics that are worth future research and study. Data is increasingly produced at the edge of the network, therefore, it would be more efficient to also process the data at the edge of the network. Previous work such as micro datacenter cloudlet, and fog computing has been introduced to the community because cloud computing is not always efficient for data processing when the data is produced at the edge of the network. In this section, we list some reasons why edge computing is more efficient than cloud computing for some computing services, then we give our definition and understanding of edge computing. Edge computing refers to the enabling technologies allowing computation to be performed at the edge of the network, on downstream data on behalf of cloud services and upstream data on behalf of IoT services. Here we define “edge” as any computing and network resources along the path between data sources and cloud data centers. For example, a smart phone is the edge between body things and cloud, a gateway in a smart home is the edge between home things and cloud, a micro data center and a cloudlet is the edge between a mobile device and cloud. The rationale of edge computing is that computing should happen at the proximity of data sources. From our point of view, edge computing is interchangeable with fog computing, but edge computing focus more toward the things side, while fog computing focus more on the infrastructure side. We envision that edge computing could have as big an impact on our society as has the cloud computing.
3.“ WEB SERVICE MODELING ONTOLOGY (WSMO)-AN ONTOLOGY FOR SEMANTIC WEB SERVICES” J. DOMINGUE, D. ROMAN, AND M. STOLLBERG, 
The Semantic Web and Web Services are envisioned as the enabling technologies for next the generation of web applications. The former aims at enhancing the machine-readability of web content, whereof ontologies have been identified as the key technical building block. The objective of Web Services is to enable distributed computation over the Internet by automated and dynamic discovery, composition, and execution of services, thus providing a new technology for web-based system engineering. The current Web Service technology stack enables the exchange of messages between Web Services (SOAP), describes the technical interface for consuming a Web Service (WSDL), and supports the advertisement of Web Services in registries (UDDI). However, these technologies do not include explicit descriptions of the functionality of a Web Service. Moreover, the existing descriptions are represented syntactically and therefore do not depict the meaning of the information to be interchanged. Semantic Web Services (SWS) applies Semantic Web technology to Web Services raising the level of discourse. More specifically, through the use of exhaustive semantic description frameworks SWS will support the provision of intelligent mechanisms for the discovery, composition, contracting, and execution of Web Services. The Web Service Modeling Ontology (WSMO) is developed in the context of WSMO Working Group, as part of the SDK cluster, with the aim of, through alignment between key European research projects in the Semantic Web Service area, the further the development of Semantic Web Services and works toward further standardization in the area of Semantic Web Service languages and to work toward a common architecture and platform for Semantic Web Services. The WSMO Working Group includes the WSML Working Group, which aims at developing a language called Web Service Modeling Language (WSML) that formalizes the Web Service Modeling Ontology (WSMO), and the WSMX Working Group, which aims at providing an execution environment and a reference implementation for WSMO. WSMO provides ontological specifications for the core elements of Semantic Web Services. In fact, Semantic Web Services aim at an integrated technology for the next generation of the Web by combining Semantic Web technologies and Web Services, thereby turning the Internet from a information repository for human consumption into a world-wide system for distributed web computing. WSMO differentiates between the descriptions of Semantic Web Services elements (description) and executable technologies (implementation). While the former requires a concise and sound description framework based on appropriate formalisms in order to provide a concise for semantic descriptions, the latter is concerned with the support of existing and emerging execution technologies for the Semantic Web and Web Services. WSMO aims at providing an appropriate ontological description model, and to be complaint with existing and emerging technologies. A set of non-functional properties are available for characterizing ontologies; they usually include the DC Metadata elements. Imported ontologies allow a modular approach for ontology design and can be used as long as no conflicts need to be resolved between the ontologies. When importing ontologies in realistic scenarios, some steps for aligning, merging and transforming imported ontologies in order to resolve ontology mismatches are needed. For this reason ontology mediators are used (ooMediators). Concepts constitute the basic elements of the agreed terminology for some problem domain. Relations are used in order to model interdependencies between several concepts (respectively instances of these concepts); functions are special relations, with a unary range and a n-ary domain (parameters inherited from relation), where the range value is functionally dependent on the domain values, and instances are either defined explicitly or by a link to an instance store, i.e., an external storage of instances and their values.
4. “RAPIDLY INTEGRATING SERVICES INTO THE LINKED DATA CLOUD” M. TAHERIYAN, C. A. KNOBLOCK, P. SZEKELY, AND J. L. AMBITE, 
This paper presents a new approach that allows domain experts to rapidly create semantic models of services by demonstration in an interactive web-based interface. First, the user provides examples of the service request URLs. Then, the system automatically proposes a service model the user can refine interactively. Finally, the system saves a service specification using a new expressive vocabulary that includes lowering and lifting rules. This approach empowers end users to rapidly model existing services and immediately use them to consume and produce linked data. Today’s Linked Open Data (LOD) cloud consists primarily of databases that have been translated into RDF and linked to other datasets (e.g., DBpedia, Freebase, Linked GeoData, PubMed). Often, information is not current (e.g., Steve Jobs was listed as CEO of Apple Computer in DBpedia for months after his passing), and timely information is not available at all (e.g., the LOD cloud has no information about the current weather or events for any city). Web APIs provide the opportunity to remedy this problem as there are thousands of Web APIs that provide access to a wealth of up-to-date data. For example, the programmableweb1 lists over 6,000 APIs that provide data on an immense variety of topics. The problem is that most of these APIs provide data in JSON and XML and are not in any way connected to the LOD cloud. For example, in the programmableweb only 65 APIs (about 1%) provide information in RDF, and the rest provide information in XML and JSON. Our goal is to make it easy to connect the remaining thousands of XML and JSON-based Web APIs to the LOD cloud. To do so we need to make it easy to represent the semantics of Web APIs in terms of well known vocabularies, and we need to wrap these APIs so that they can consume RDF from the LOD cloud and produce RDF that links back to the LOD cloud. Several approaches have been developed to integrate Web APIs with the Linked Data cloud. One approach is to annotate the service attributes using concepts of known ontologies and publish the service descriptions into the cloud. This allows users to easily discover relevant services. A second approach is to wrap the APIs to enable them to communicate at the semantic level so that they can consume and produce linked data [9,5]. A third approach is to create a uniquely identifiable resource for each instance of an API invocation and then link that resource to other data sets. Using this approach it is possible to invoke the API by dereferencing the corresponding resource URI. The main obstacle preventing these approaches from gaining wide acceptance is that building the required models is difficult and time-consuming. In these approaches, a developer needs to create a model that defines the mapping from the information consumed and produced by Web APIs to Semantic Web vocabularies. An API modeler uses Karma to interactively build semantic models for the APIs. The system semi-automatically generates these models from example API invocation URLs and provides an easy-to-use interface to adjust the generated models. Our models are expressed in an RDF vocabulary that captures both the syntax and the semantics of the API. They can be stored in a model repository and accessed through a SPARQL interface. We deploy the linked APIs on a Web server that enables clients to invoke the APIs with RDF input and to get back the linked RDF data. We are working to apply our modeling approach to a large number of available Web APIs. We plan to reduce the role of the user in modeling by mining the Web for examples of service invocations in documentation pages, blogs and forums to automatically construct datasets of sample data to invoke services. We are also working on extending our approach to model RESTful APIs.
2.1 EXISTING SYSTEM

· Our proposal has been designed to reuse existing vocabularies and ontologies, being able to compose data mining services in the cloud.
· The idea is to improvise the results of web mining by taking advantage of the new semantic structures on the Web; and also, making use of web mining, for building up the semantic web by extracting similar meanings, useful patterns, structures, and semantic relations from existing web resources.
· Most of the business information exists as unstructured data – commonly appearing in emails, blogs, discussion forums, wikis, official memos, news, user groups, chatting scripts on social networking sites, project reports, business proposals, public surveys, research and white papers.

· As an emerging computing model, although cloud computing has many advantages that existing computing models do not have, there are still some problems.

· Existing information organization and service means are difficult to adapt to the development and change of agricultural scientific research environment and scientific research methods.

· Some enterprises have very strict internal management and operation and maintenance systems and do not want to be grasped and interfered by related industries outside the company. 

· Although cloud computing can provide protection for enterprises and users through security isolation measures, it still cannot meet the needs of all users.
2.1.1 Disadvantages of existing system

· The problem is computationally difficult (NPhard), however there are efficient heuristic algorithms that are commonly employed and converge fast to a local optimum.
· The data and processing is distributed to the machines in the cluster to reduce the impact of any particular machine being overloaded that damages its processing.

· MEX vocabulary also addresses the problem of sharing specific information about processing Machine Learning techniques in a lightweight way.
· Our proposal is more concise to address the problem of defining these cloud services as it is based on the study of how different Internet providers and data mining platforms define these services with their specifications.
· Regarding cloud data mining services, specific issues of experimentation and the execution process should be included, among others.

· RDF is used for organizing information. RDFa solves data linking problem.RDF consider everything as Resource (Named things).
· Semantic web also reduces cost and complexity of cloud computing by the use of rules laid down in the issue of security, one of the major roadblocks in the success of cloud computing, is resolvable by a wide range of security mechanisms that the semantic web provides.
2.2 PROPOSED SYSTEM
· In this paper we propose a schema of definition of data mining service in cloud computing using Linked Data and validate its operation by defining a complete service.
· In order to improve the data retrieval and mining ability of agricultural information management system, an agricultural information management data model based on cloud computing and semantic technology was proposed.
· This study proposes a data mining technique for a large information management system based on semantic correlation feature extraction.

· It is proposed to introduce new service concepts and technical means and other related data to innovate service content and functions and improve the role and contribution of knowledge service to scientific and technological innovation.

· An agricultural information management data model based on cloud computing and semantic technology is proposed. 

· Although the massive data contains a large amount of valuable information, the vast majority of them are semistructured or unstructured and isolated data, lacking normative control, deep disclosure, and semantic correlation, making it difficult for computers to process these data automatically.
2.2.1 Advantages of proposed system

· The main advantage of using dmcc-schema is that it greatly simplifies the design of a cloud service focused on data mining. This is because it unifies two environments: the cloud computing and services aspects, and the execution of data mining algorithms.

· One of the advantages of using these services in the cloud is the ability to support large datasets. Another advantage of using the proposed occml specification is the simplicity of creating the complete service.

· RDF which is semantic web technology that can be utilized to build efficient and scalable systems for Cloud. Resource Description Framework (RDF) which is semantic web technology that can be utilized to build efficient and scalable systems for Cloud .

· When the users search for any keyword in the web, for the efficient and exact search result the Relational Based Search Engine is used. The collected Web pages are transported to a Web page database to be stored for the use of future retrieving URLs and corresponding Web pages.

· By using the Relational Graph between all the resources the searching can be made easy and efficient.

2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6

RESULT AND DISCUSSION 
Data owner: 

The data owner encrypts the data held locally and uploads it to the cloud server. In this paper, a concept hierarchy is constructed based on the domain concepts related knowledge of the dataset and two index vectors for each document of the dataset are generated based on the key concepts of the document and the concept hierarchy. Then, the searchable index which is constructed with all the index vectors is sent to the cloud A. 

Data users: 

The authorized data user makes a search request. Then, the trapdoors which related to the keywords are generated. At last, the data user sends the trapdoors to the cloud B.
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CHAPTER-7

CONCLUSION
CONCLUSION
In this article we have presented dmcc-schema, a lightweight vocabulary for the description and definition of DM services in CC. Our proposal tries to gather, on the one hand, everything related to the definition of the algorithms as a service for DM and on the other hand, all the other aspects that compose the management of a CC service, which is neglected by other proposals. The other proposals of service definition lack this integration, however dmcc-schema allows to solve this gap in terms of creation of all-in-one DM services for Cloud Computing environments. dmcc-schema is presented as a light-weight tool for DM services modeling with the aim of offering a portable definition between the different providers of this type of services. Therefore with dmcc-schema is possible to capture all the main features and details (CC management and DM experimentation) of the most well-known CC providers such as Amazon, Azure or Google. The schema dmcc-schema has been built on the basis of Semantic Web, using an ontology language to implement it and following the LD directives regarding the re-use of other schemata, which perfectly enrich the service modeling that has been designed. Furthermore, it also ensures that the definition of services can be extended and improved in the future, with the aim of offering a much more portable definition of the services and being able to adapt to changes in CC management. The main feature of using dmcc-schema is that it abstracts different DM services specifications from heterogeneous CC providers for into a single and generic specification contributing to the standardization of DM services. For this reason the usability and portability for this type of services between different CC providers is assured. Therefore, the differences between the definitions are balanced, allowing to dmcc-schema to be used, for example, as an integral part of a CC broker, storing and managing such DM services from CC providers. The effectiveness of the scheme is confirmed, since it allows to define a DM service with all its elements (algorithms, costs/prices, ...). The practical scenario designed with the OC2DM deployment architecture offers hands-on functionality for defining services with dmcc-schema, supporting the composition and modeling of DM workflows in Cloud Computing. In terms of efficiency, the scheme has been validated by transcribing actual DMCC services such as Amazon SageMaker and verifying that dmcc-schema can include all features of these services, as demonstrated by the CQs. With CQs, a series of questions are stated and replied to know the domain of the problem, being a tool widely used for the validation of semantic schemes. Both effectiveness and efficiency have been highlighted in the validation section. The practical scenario developed illustrates that dmccschema represents an effective contribution towards the standardization and industrialization of DM services. Finally, as future extensions of the work presented in this paper, we will produce semantic specification of Artificial Intelligence models with a focus on Computational Intelligence, namely, evolutionary algorithms, neural networks or fuzzy systems for their definition as services in Cloud Computing.
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