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Abstract 

A lot of approaches have been developed for adaptation of learning objects of various types and formats to support student-centric learning. Adding adaptivity to personalize learning according to how student perceives, processes, stores, recalls and expresses learning material enables learner to master learning content more effectively and to reach learning goals using attractive ways for a student. Psychologists have come up with many classifications of learning styles. Well known learning style models are already being used in adaptive hypermedia and tutoring systems. Use of data mining, machine learning, case based reasoning and neural networks for automatic learning style modelling continuously improves learning style models, making them more accurate and useful. As learning style models evolve, new approaches for integration of these models with virtual learning environment emerge.

Thus, the paper presents an approach for learning hypermedia system adaptation according to students’ learning style inferred by Bayesian case model. Use of Bayesian Case model results in quantitative advantages in learning style prediction quality and interpretability. An approach uses the work of the past to ensure automatic adaptation using educational specifications and standards and tries to apply an enhanced version of it suitable for adaptation to learning styles identified using exemplar-based model.
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1 INTRODUCTION 

Personalized learning is an educational approach that aims to customize and adapt learning for each student’s strengths, needs, preferences, skills and interests. Adaptivity and adaptability are two main features of a personalized virtual learning environment. Virtual learning environment with adaptability features presents the learner possibility to personalize it, i. e., it presents an interface that allows the learner to modify the environment’s settings according to his/her preferences. Adaptivity refers to the ability of the virtual learning environment to change in order to fulfill the student’s needs, interests and preferences. Adaptive learning environments provide educational content and instructional method best suited for particular student or a group of students. In literature, two main categories of adaptation are presented: adaptive presentation and adaptive navigation. [6] list the following types of adaptation in e-learning: interface-based, learning flow-based, content-based, interactive problem solving support, adaptive information filtering, adaptive user-grouping, adaptive evaluation, adaptation time (in design or run time). As modern learning is going on in virtual learning environments, automation of learning personalization (including adaptation) is possible. Three main models are being used in hypermedia systems adaptation: domain model which describes how learning content is structured, user model which describes information about user and adaptation model which specifies adaptation semantics and adaptation rules. Additionally, context model which models circumstances in which an event occurs and instruction model which acts as a blueprint for teaching and defines pedagogical scenario may be used [6].

Learner model being used to automatically personalize virtual learning environment should represent comprehensive information about learner [7]. [4] distinguish four categories of information stored in learner model: characteristics of the learner, learning state, interaction between the system and the learner, learner knowledge. The same authors list different categories of learner models existing in different adaptive hypermedia systems: dynamic model, cognitive model, model with contempt, open/interactive model, collaborative model, uncertain model, distributed model. As learner is a user of virtual learning environment, classification of user models is also appropriate to learner models: static (information is gathered once and remains unmodified), dynamic (information is gradually updated), stereotypes (a generalized version of static profiles), highly adaptive user models (uses an extreme form of customization that requires as much information as possible to provide the result as precise as possible). Examples of learner models start with simple learner profiles, followed by overlay, fault and/or perturbation models for student’s knowledge modelling and end with complex dynamical and/or highly-adaptive models, such as Bayesian and neural networks or Bayesian case model (BCM). The latter is considered in the paper. It integrates Bayesian network and Case-based reasoning method for learning style modelling. Learner modeling methods and techniques in automatic hypermedia systems (AHES) are widely described and compared by [11] – authors concluded that “the use of Bayesian networks for initialization and updating the learner model seems to be more satisfying method at the level of tracking and evaluating the learner’s performances during a learning situation”. Thus, the paper aims to present the approach for integrating Bayesian case model for student’s learning style modelling into adaptive hypermedia system, using educational standards and specifications. Scope of the approach is limited to the use of BCM results for personalization purposes, i. e. it doesn’t encompass adaptation engine and ways of adaptation itself (it doesn’t describe, for example, methods and ways of rule-based adaptation). 

The rest of the paper is organised as follows: first of all, Bayesian case model which is being used for student modelling is described; secondly, educational standards and specifications relevant to the hypermedia environment adaptation using BCM are listed and briefly described; then literature analysis and findings related to integration of educational specifications and standards to support adaptive learning scenarios are presented in Section 4. The approach proposed is described in the next section. Finally, advantages and drawbacks of the approach as well as problems perceived are listed, and conclusions are made.

2 METHODOLOGY

Literature based approach has been used. The target goal of the review of papers was to purify the current situation in the area of the use of educational standards and specifications for hypermedia system’s adaptation according to learner’s learning style and affective states and to provide an approach for adaptation in case of BCM use for learning style modelling.

3 RESULTS

3.1 Bayesian case model and inference about student’s learning style
Data-driven decision making is beneficial for enhancing the quality of education [22]. Advanced machine learning approaches may be used to personalize learning [23]. An example of data-driven model is Bayesian case model (BCM), which is the generative statistical model that has clustering and explanation parts [1]. Generative models include the distribution of the data itself, and tell how likely a given example is. To train a generative model (i.e. learn the underlying data generating distribution) we first collect a large amount of data in the domain and then train a model to generate data like it. The intuition behind this approach is consistent with the Richard Feynman approach: “What I cannot create, I do not understand.” Generative models can generate new data instances and specify a joint probability distribution over observed variables and latent variables,  i. e. given an observable variable [image: image2.png]


 and a target variable  [image: image4.png]
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. Generative approach is to model how the data might have been generated, and learn a function [image: image8.png]f(x,y)
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 is maximum. 

It is noticeable that for clustering BCM uses it’s intuitive power. Thus, in spite of that the model uses generative approach, it doesn’t generate new examples. 

[2] presented the full BCM model in statistical form:
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BCM captures dependencies among features via prototypes [2].  It characterizes each cluster by a prototype [image: image36.png]


 and a subspace feature indicator [image: image38.png]


. Intuitively, the subspace feature indicator selects only a few features that play an important role in identifying the cluster and prototype. As stated by [2], BCM performs joint inference on prototypes, subspace feature indicators and cluster labels for observations. Having N observations ( x={[image: image40.png]
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 represents a random mixture over clusters (for our application purpose – learning style clusters). An observation is a mix of different prototypes, wherein we take the most important pieces of each prototype. In case of learning style modeling an observation is dataset from log of student’s behavioral activities. To do this, mixture weights [image: image48.png]


 are generated according to a Dirichlet distribution, parameterized by hyper parameter α [image: image50.png]


. [image: image52.png]


 is a vector of probabilities (i.e. nonnegative values which sum to 1) known as the mixing proportions [3]. From there, to select a cluster and obtain the cluster index [image: image54.png]
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, we sample from a multinomial distribution with parameters [image: image58.png]


. Finally, each feature for an observation, [image: image60.png]


, is sampled from the feature distribution of the assigned subspace cluster ([image: image62.png]


). This encourages the inference step to achieve solutions where clusters are better represented by prototypes [2].   

While making BCM inference, we sample [image: image64.png]
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. Collapsed Gibbs sampling is used to perform inference, where [image: image68.png]
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 (learning styles and per document learning styles’ proportions) are integrated out [2]:
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 and is assigned to cluster [image: image88.png]
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, or 0 otherwise. Notation [image: image92.png]


 is the number of times that the 𝑗𝑡ℎ feature of an observation takes feature value 𝑣 and that observation is assigned to subspace cluster [image: image94.png]
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 denotes a count that does not include the feature 𝑗. 

BCM is a mixture model. Mixture models are a natural way to build a clustering model out of an existing probabilistic model. Assuming that the kind of structure (pattern) exists in the data set, we let the algorithm to find the instantiation of that structure. In mixture models the hidden random variables code the cluster assignments of the data. When we fit a model with hidden variables, the parameters reveal how the hidden structure comes out in the data we observed.

Formally, mixture model is defined in the following way: 
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is probability that example is in cluster [image: image112.png]
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. In mixture models, the latent variable corresponds to the mixture component [3]. Generative process of mixture model consists of clusters sampling and sampling data example from cluster distribution. Following [3], mixture model assumes the data are generated, first sampling latent variable, and then sampling the observables from a distribution which depends on the latent variable. Mixture models make inferences on mixtures of distributions for each component separately. In student’s learning style modelling we model the data about student’s behavioral activities in virtual learning environment extracted from student’s log in terms of a mixture of several components, where each component represents a particular learning style and has a simple parametric form. We assume that each behavioral activity belongs to one of the components, and we try to infer the distribution for each component separately. 

Using BCM, we can cluster somehow related students’ behavioral activities reflecting learning styles (Fig. 1) and find learning style distribution for a students’ logs corpus. 

[image: image121.png]Prototype

Important features

L51: video, examples, games

video, examples

LS2: chat, forum, video, excersices

chat, forum

153: e-book, text, forum, excersices.

e-book, text





Figure 1. Learning styles and important features inferred by Bayesian case model.
Fig. 2 illustrates student’s learning style modelling using BCM.

[image: image122.png]Ac

Dirichlet
distribution

parameter

o ——| o 2 Tij

Learning style clusters'proportions

]

Bleamigsyiel  Wleamingsyie?  leamingsye3





Figure 2. Bayesian case model for modelling students’ learning style [2].
3.2 Standardised adaptation of hypermedia systems
3.2.1 Educational standards and specifications

According to [5], standards and interoperability are key factors in the success of the introduction of e-Learning. Many of the different school networks around Europe use the word ‘standard’ related with achievement in schools, and not exactly with the meaning used for adaptation and personalization. In this paper standard is a technology, format or method ratified by a respected authority, though in many cases, we can consider to be a standard something that has not yet gone through the whole standardisation process, but is widely accepted and used [5]. The main results we get by using standards are accessibility, interoperability, reusability, durability, affordability [5]. There are a lot of standards, specifications, languages and models applicable to e-learning adaptation:
· Learning Management System (LMS) standards: 
· AICC (Aviation Industry Computer-based Training Committee) standard developed to ensure that training could be created, delivered and assessed across various computer-based training platforms; although the standard is no longer evolving, it’s still fairly common to have authoring tools and LMSs that are AICC-compliant;

· SCORM (Shareable Content Object Reference Model) which govern two things: packaging content and exchanging data at run-time; it is a bit out of date with modern computing practices;

· xAPI (Experience API or Tin Can API) which is the “next generation of SCORM”; xAPI allows developers to send a wide range of data from other platforms, like mobile apps, or enterprise systems like talent management or help desk applications. With xAPI, communication was no longer limited to courses and the LMS [10]; xAPI-enabled learning activities generate statements, or records of e-learning in the form of "Actor verb object" which are stored in a learning record store (LRS);

· Cmi5 which was called “xAPI, but with rules”: in addition to xAPI statements developers can define themselves, cmi5 specifies a set of common verbs for xAPI’s “Actor-verb-object” structure [10].

· ISO 24751 standard (Information technology - Individualised Adaptability in e-Learning) which will supersede the IMS ACCMD and ACCLIP specifications; as defined in ISO/IEC 24751-2, it provides a common language for describing digital learning resources to facilitate matching of those resources to learners' accessibility needs and preferences. An informative list of recommended default values for the learner preferences and needs is provided. It lists existing bindings of the IMS Access for All Metadata Specification Version 1 (ACCMD) that serves as the reference specification for ISO/IEC 24751-3:2008. It describes information scenarios for applying ISO/IEC 24751-3:2008 and gives informative implementation examples,
· ISO/IEC 19788-8:2015 (Information technology - Learning, education and training - Metadata for learning resources) which provides data elements for the description of MLR records, i. e. sets of data elements describing a learning resource and resources directly related to that learning resource, e.g. persons (authors, contributors), annotations, learning activities, metadata records, etc.,

· ISO/IEC 19788-7:2019 (Information technology - Learning, education and training - Metadata for learning resources) which provides RDF mappings of the different MLR entities introduced in the MLR framework,

· IMS Global Learning Consortium specifications:
· IMS-MD (IMS Metadata Specification) which is comprised of three documents: IMS Learning Resource Metadata Information Model, IMS Learning Resource Metadata XML Binding Specification, IMS Learning Resource Metadata Best Practices and Implementation Guide. IMS Learning Resource Meta-Data Information Model provides learning resource’s metadata specification; the IMS Learning Resource Metadata Information Model 1.2.1 Final Specification is superseded by IEEE Std 1484.12.1 - 2002, IEEE Standard for Learning Object Metadata (LOM),

· IMS-LD which formalizes design of a learning process in a unit of learning; it’s level B provides the possibility to define conditions based on properties about the individual user or roles [9]. Serving the purpose to put pedagogy before technology by providing ways to create, run and share any number and kind of complex learning activities, the IMS-LD enables implementation of adaptive strategies. It was also an attempt to address the gap between the instructional design led specifications and profiles such as IMS Simple Sequencing and SCORM and the more constructivist approaches desired particularly from the education sector [5]; IMS-LD can be linked to IMS-QTI specification, and the IMS-LD properties can refer to attributes of the IMS-LIP or IMS-AccLIP specifications, i. e. it facilitates personalization at course or assessment level [9],

· IMS Simple Sequencing specification (IMS Simple Sequencing Information and Behavior model , IMS Simple Sequencing Best Practice and Implementation Guide , IMS Simple Sequencing XML Binding) which defines a method for representing the intended behavior of an authored learning experience. 
· IMS Content Packaging information model (including IMS Content Packaging XML binding and Best Practice guide) which enables to create a unit of learning by integrating IMS-LD into an IMS Content Package,

· IMS Enterprise can be used for mapping learners and support staff to roles when instantiating a learning design,

· 1484.12.1-2002-IEE standard for learning object metadata (IEE-LOM) which provides conceptual data schema that defines the structure of a metadata instance for a learning object. IEE-LOM facilitates search, evaluation, acquisition, and use, sharing and exchange of learning objects. IMS Learning Resource Metadata Information Model 1.2 is an implementation of IEE LOM containing a number of modifications approved by IMS Technical Board,
· Dublin Core Metadata Element Set which is a vocabulary of fifteen properties for use in resource description (also ISO Standard 15836:2009, ANSI/NISO Standard Z39.85-2012, IETF RFC 5013),
· Advanced Distributed Learning Initiative (ADL) which provides information requirements for developing, managing, providing, and evaluating distributed learning,
· the available Web standards, such as XML, RDF, XTM, OWL, OWL-S, RuleML which allow specification of components in a standardized way,
· W3C - CC/PP (composite capabilities/preference profiles) which may serve for context modelling. It describes capabilities of devices and user preferences that can be used to guide learning content,
· LAOS (layered WWW AHS authoring model) which presents layered model for adaptive hypermedia authoring design methodology for WWW-courseware [12],
· other: CSS (Cascading Style Sheets) which are used to style HTML pages, W3C - WCAG (Web Content Accessibility Guidelines), W3C - ATAG (Authoring Tools Accessibility Guidelines), IMS - CP 1.4 (Content Packaging), IMS - TI (Tools Interoperability).

The following standards and specifications related to learner modelling were identified during literature analysis: 

· PAPI (public and private information) developed by the IEEELTSC (Learning Technology Standards Committee) which constructs and classifies learner’s data and specifies the syntax and semantics of learner records; it incorporates the Dublin Core metadata element set [8] and consists of personnal, relations, secuirity, preferences, performance, portfolio information of the learner. 
· IMS Global Learning Consortium specifications set [8]:
· LIP (Learner Information Package) which defines an XML structure that describes the essential characteristics of a learner and addresses interoperability of learner information between learning environments; it also defines a set of packages that can be used to import and export data from/into an IMS compliant system; LIP structures learner’s data into the following segments: identification, goals, QCL (Qualifications, Certifications & Licenses), activity, transcript, interests, competency, accessibility, security key, affiliation, relationships,

· ACCLIP (Accessibility for Learning Information Package) which allows learner accessibility preferences to be defined,

· RDCEO (Reusable Definition of Competency or Educational Objective) which enables to define competencies and learning objectives using unstructured text,

· IMS-QTI (Question and Test Interoperability) which uses ASI model (Assesment-Section-Item) to define evaluations which thus become interchangeable between e-learning systems. 

· GESTALT (Getting Educational Systems Talking across Leading Edge technologies) which extends the IMS metadata definitions; here a user model is created as an XML document, and user’s profile information encompasses personal details, contacts, skills, learning preferences, delivery mode, learner’s educational history and technology available to him/her [9],
· FOAF (Friend of a Friend) which consists of a linked data system expressed using the Resource Description Framework (RDF) and the Ontology Web Language (OWL) in order to define a machine-readable ontology characterizing people, their interests and activities and relationships between them set [8]; FOAF Vocabulary Specification 0.99 integrates three kinds of network: social networks, representational networks that describe a simplified view of a cartoon universe in factual terms, information networks that share independently published descriptions of the inter-connected world;
· eduPerson which is a Lightweight Directory Access Protocol (LDAP) schema designed to include widely-used person and organizational attributes in higher education.
Following Eugenijus [5], learning content is usually described using the IEEE LOM (Learning Object Metadata) standard or the Dublin Core (DC) specification and its application profile for education. A relevant standard for harvesting metadata is the Open Archives Initiative Protocol for Metadata Harvesting Relevant (OAI-PMH). In order to get content, specifications for globally unique and persistent identification are important as well as specifications for actually obtaining the content. In this respect the Digital Object Identifier and the Handle System are relevant. 

3.2.2 Existing ways of standardised adaptation by student’s learning style
Metadata standards and specifications which provide mechanisms to describe elements of adaptivity such as learning resources, learners, enterprise architectures and content packages, and adaptation methods are described by [17]. Regarding learner modelling and adaptation according to learner model, author states that there is no clear current candidate specification for representing the learner as neither IMS LIP nor PAPI cater for pedagogical information. [17] proposes and evaluates an architectural approach for implementing dynamic adaptive courseware with sufficient flexibility to support multiple axes of adaptivity and multiple instructional models. The approach facilitates the reuse of key components of adaptivity, such as the content, narratives and learner models. It enables the instructional designers to impact the rendering of the personalized course at two levels: the structure/layout in which the content is placed and the modality of content displayed. The approach associates many candidate narratives, supporting different pedagogical approaches to structuring the content, with a single course. This association and an appropriate candidate selector enables the system to deliver a personalized course that, while dealing with the same subject matter and learning goals, can be structured in a way that best engages the learner’s preferred learning styles [17]. Author uses the VARK (Visual, Auditory, Read/write and Kinaesthetic) model that influences the individual candidate design. The learner’s VARK preferences are determined using an online questionnaire, and these values later are used to populate the learner model. There is an Adaptivity sub-section in the metadata model that enables the definition of new adaptivity types (for example, competencies.required, learningstyle.vark.auditory, etc.). As the standard framework is extensible, it is possible to define new adaptivity types to facilitate forms of adaptivity wished to implement. Author emphasizes that the narrative and any elements of the learner model, or any other models should share the same vocabulary or there should exist an appropriate mapping between the model vocabularies. He proposes to add an optional adaptivity element within the education block of metadata schemas such as IMS Learning Resource Metadata, IEEE LOM, IMS Content Packaging manifests and IMS Learner Resource Metadata. It should contain an arbitrary number of adaptivitytype elements, each of which describes one type or aspect of adaptivity available. The adaptivitytype element itself should have two attributes (name and ref), and a langstring content. The name denotes the type or aspect of adaptivity for which information is provided while the langstringcontent contains the information itself. ref can be used to specify a URL where the vocabulary used in the langstring content is defined [17].

[26] surveyed and compared standards for learner information. They also made the comparison of ontologies for learners’ modelling. Authors also systematized navigational behavioral indicators and concluded that implicit deduction of leaner’s model following the behavioral indicators seems to be more satisfying method than explicit one. 

After comparing various standards for learner information, [8] took IMS-LIP, IMS-ACCLIP and IMS-RDCEO standards and incorporated their characteristics to proposed learner model so that it conforms to international standards. The learner model takes advantage of the semantic web technologies that offer a better data organization, indexing and management and ensure the reusability, the interoperability and the extensibility of the model. In order to determine learner’s psychological features such as his learning style and cognitive abilities learner is asked to fill questionnaire and to take a pretest to evaluate his knowledge on the field. During learning sessions, the system infers data from learner interactions and assessments and updates learner’s information set [8].

[19] presents ADAPTAPlan approach which uses educational specifications (IMS family) and standards (IEEE-LOM) including users’ preferences and accessibility issues (Personal Needs and Preferences (ISO PnP) and Digital Resource Description (DRD)). ADAPTAPlan has a planning engine which takes as input the information provided by the course designer and the user model dynamically built from the learner’s interactions to generate a personalized Unit of Learning (UoL) described in terms of IMS Learning Design specification. Competency levels are defined through IMS-RDCEO. IMS-QTI questionnaires are also being used to measure the improvement of the learners’ knowledge. In order to facilitate the processing of learning styles, the six different quantitative values possible for each style are grouped into three clusters: strong, moderated, balanced. Learning style of a learner is described by four attributes, each one taking one of the two possible style values, and within a cluster [19]. MS-LIP element preference (Lip.accessibility.preference.typename.typevalue and Lip.accessibility.preference.prefcode) is used for storing values which indicate learning styles of a learner. For each learner there are four instances of this element, one by each dimension of Felder theory. The attribute prefcode stores the value of the dimension (e.g. Sensitive/Intuitive) and the cluster. The definition of the competencies is performed using the IMS-RDCEO specification. The <identifier> element serves as the link with the IMS LIP record, which will store also the level of this competence acquired by the learner when playing the course. Achievement of the level is computed by means of a IMS QTI test. When the learner completes a course session, the competency element of IMS-LIP learner profile is updated [19].

[19] describe the standards-based modelling in terms of the user features and the device capabilities. The idea of the approach is to utilize IMS-LD as the top level driver of course workflows and direct authors’ attention to those elements that are used to manage and control learning scenario. Through the IMS-LD specification authors have access to describing and implementing learning activities based on different pedagogies [19]. The planning engine generates a particularized learning route from the initial specification of course materials and modelling features specified by an author and the user model. The W3C Composite Capabilities/Preference Profiles (CC/PP) specification was used to manage the device capabilities. Specific features from the users’ interactions are used in runtime adaptations. IMS-LD properties have been used to model the different types of users and to generate the personalized course workflow. Here the user profile is a combination of IMS-LIP and IMS-AccLIP that defines the profile of the user together with IMS Reusable Definition of Competency or Educational Objective (IMS RDCEO) [19]. IMS-LIP was linked to IMS-RDCEO. While interacting with the system the learner is supported by a recommender system and the planning engine [19].

[20] focuses on how to develop a service-oriented online authoring system based on SCORM standard and advanced Web 2.0 technology, namely cross-platform technique usable on different operating systems AJAX (Asynchronous JavaScript and XML). IMS LIP specification which provides a uniform storage mechanism to store the personal information in a single XML file is the one which is relied on. With the profile recorded in IMS LIP specification, the authoring history can be stored in the specific author profile. With the author profile, the proposed authoring system can simplify the authoring process for the authors [20].

Interesting work is presented by [21]. Authors present adaptive e-learning system with eye-tracking. The system consists of some user-centered modules. Eye Tracking Module combination with Content Tracking Module provides real-time fine-grained data regarding the user's reading and learning behavior. The entire set of information of user interaction and behavior is supplied to the User Information Module, which is in charge of managing the user modelling and profiling issues and encompasses three user information databases: User Profiling Database, Collaborative Filtering Database and Statistics Database. Through collaborative filtering, the system can proactively suggest pieces of information in proper media by exploiting the collective knowledge of user groups and their behavior. In order to support user-controlled adaptation, the Interactive Dialog Module allows learners to set and change user profile settings actively. Authors also present several personalized e-learning scenarios by merging eye-tracking technology with proper content presentation. Eye movements (fixations, saccades) can be used for gaining prompt information about the learner's state. By exploiting eye-tracking data combined with other user behavioral traits linked with the content provided, a fine-grained learner profile can be tracked by the system and applied for personalization of learning content and navigation [21]. Standards and specifications are mentioned as existing assets in the paper.

[6] state that there is a lack of support for adaptive behavior in existing learning standards: IMS LD provides a way to implement simple adaptive learning strategies, but not complex forms of adaptive learning, like multiple rules interactions or enforced ordering. The IMS Learning Design uses the metaphor of a theatrical play to describe the workflow involved in learning scenarios. It separates the design of the pedagogical model from the content [6]. Authors refer to the Adaptive Hypermedia Application Model, which is based on the Dexter Hypertext Reference Model [24]. The model divides the storage layer into three parts: domain model, user model, adaptation model. Alongside the domain, user and adaptation specifications, the context, instruction and presentation specifications were investigated by the authors. Authors assert that learner model should integrate different learner perspectives, such as knowledge, personal preferences, and interests, browsing patterns, cognitive and physical state [6]. For presentation specification on the Web the Cascading Style Sheets was chosen. Beside interface, content and learning flow adaptation, interactive problem solving support, adaptive user grouping, adaptive evaluation and adaptive information filtering are briefly described. [6] emphasizes the possibility to adapt learning object on the run, not only at design stage.

[25] proposed to the standardization body (IMS Global Consortium) modelling and architecture extensions and modifications. Architecture modifications and extensions deal with the need for a communication layer to allow for the information exchange between a unit of learning and an external learning resource (i.e. IMS QTI, SCORM, and others), and modelling deals with adaptive learning processes. In addition, the use of a service layer was proposed – it can be used to integrate a unit of learning with already existing, external resources (e.g. databases, repositories).
[18] presents Bayesian overlay model which provides the way to infer user’s knowledge from evidence collected in user’s learning process. As the structure and parameters which are evolving after each occurrence of evidence in the model are fixed, IMS Learner Information Package specification and IMS Metadata specification may be used for content adaptation purposes. 

3.2.3 Approach for learning hypermedia system’s adaptation according to student’s learning style inferred by Bayesian case model

In this section we describe an approach how to use IMS Learner information packaging information model and other IMS specifications together with BCM-inferred student’s learning style (i. e., specific learner model) for hypermedia system adaptation purpose. IMS LIP provides standardized way to store information about learner’s preferences, learning style and other data.

Using BCM, each learner is assigned the highest probable cluster that corresponds to learning style represented by learner’s actual co-occurring behavioral activities in VLE. Also BCM-inferred proportions of learning styles are available for each student. Each cluster representing particular data-driven learning style is explained by the most representative real case (i.e., prototype, for our application it is student’s log of his/her behavioral activities) and important features (i.e., sub-space). The prototype [image: image124.png]
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 [2].   

For adaptation purposes a teacher should create lectures designed to fit personal qualities of a student, including his/her learning style. In our approach, IMS Learning Design Specification (IMS LD) should be used as the basis for the adaptive learning design and implementation. The primary use of IMS Learning Design is to model units of learning by including an IMS Learning Design in a content package. IMS Learning Design Information Model, Version 1.0., Final Specification presents the conceptual model of the semantic aggregations levels, i. e., Learning Design specifies three levels of implementation and compliance: Learning Design Level A contains all the core vocabulary needed to support pedagogical diversity, Learning Design Level B adds Properties and Conditions to level A, which enable personalization and more elaborate sequencing and interactions based on learner portfolios – this level is the most relevant for the design of adaptation approach, Learning Design Level C adds Notification to level B.
As investigated by [13], after the course outline has been created the adaptation rules should be defined. Adaptation model in IMS LD is explicitly expressed by user-defined rules, which are represented in the conditional form of IF-THEN-ELSE condition. With condition elements, teachers can freely declare properties as variables, choose the suitable types, and use them in conditions. The user-defined rules are then attached to plays, acts, or learning/support activities [15]. For the IMS-LD adaptation rules to work it is necessary to define properties. IMS specifies that the design of personalization in LD is supported through the conditions and property mechanism. Personal characteristics can be measured and stored in properties. Conditions can be defined to adapt the learning design to the learner characteristics in runtime. Therefore, after properties has been created, conditions should be defined that manipulate the course structure based on the values of the defined properties. Thus, alternative paths can be designed based on learner‘s individual characteristics [13]. To be able to advise learners at runtime the course material has to be prepared so that it can be interpreted by the adaptation module. 
IMS LD specification states that a resource can be one of five different types: web content, imsld content, person, service facility, or dossier, and specific types of components are bound to specific types of resources. As the goal is adaptation according to BCM-inferred learner model, we use component “Property” which binds to a resource type “Dossier” during instantiation. In spite of that the resource “Dossier” is not bound at design time, the roles that persons can take into the learning design and the properties that have to be present in the dossiers are part of the learning design.  According to IMS LD specification, when a component, a learning objective, or a prerequisite needs a resource, an “item” element is used in the similar way as in the organization part of IMS Content Packaging. The learning design provides a semantic context for these items, so that runtime systems can know what to do with the resource. 

The conceptual model of learning design is presented in IMS Learning Design Information Model, Version 1.0., Final Specification. In the model, properties form the basis on which to build user and role dossiers and portfolios. According to IMS LD specification, properties are an essential part of monitoring, personalization, assessment and for user-interaction. Learning Design supports five types of properties: local properties, local-personal properties, local-role properties, global-personal properties and global properties. The local properties are declared in the learning design. They are defined and used in the unit-of-learning, and the value of this property is the same for every user in the run of the unit-of-learning, but can differ in different runs. The global properties are expected to be declared externally, but a mechanism is included to declare new global properties when they are not present. The global properties are accessible outside the context of a unit of learning. They can be defined in one unit of learning and used in another one. Personal properties are used for personalization. The personal properties can be stored in a personal, portable 'dossier'. Role properties are owned by a role and are always local. Depending on the need, learner model may be designed combining various types of properties. 

In order to enable users to set and view the level B properties from content that is presented to them, so-called global elements are present in the model. These global elements are designed to be included in any content schema through namespaces. Content that includes these global elements is called 'imsldcontent'. The monitor service provides a facility for users to look at their own properties or that of others in a structured way. In IMS LD, the element “properties” is added to the content model of the element “Components”. According to IMS LD Final specification, the runtime system, or 'user-agent' is expected to keep record of property-values and property-definitions for users and roles in a so-called 'dossier'. Properties are operated upon with property-operation elements (view-property, set-property, conditions, change-property-value, etc.). Level C LD also contains notifications, i.e. mechanisms to make new activities available for a role, based on certain outcome triggers. Notification mechanism can be used to model adaptive task setting in LD, where the supply of a consequent activity may be dependent on the kind of outcome of previous activities. General pedagogical rules can also be implemented using the combination of conditions and notifications. To address learner preferences in content, IMS Learner Information Package Accessibility for LIP Conformance Specification may be used. Regarding to adaptation issues, metadata generation associated to IMS-QTI items also plays important role. These metadata fields are used for typifying an item. In design time, authors can characterize an item, for instance, as more appropriate for learners of particular learning or style [13].

The models and standards described above may be used for BCM-inferred student‘s learning style adaptation. In Fig. 3, general schema employing the approach for adaptation of hypermedia system according to students’ learning style inferred by Bayesian case model is presented.
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Figure 3. General scheme employing the approach for adaptation of hypermedia system according to students’ learning style inferred by Bayesian case model.
The adaptation is possible at several levels. In case the adaptation must take into account only the main, dominating learning style,  we can use IMS LIP elements Lip.accessibility.preference.typename.typevalue and Lip.accessibility.preference.prefcode for storing corresponding learning style values for each learning style dimension [14]. In order to design and adapt units of learning corresponding to each of BCM-inferred data-driven learning style cluster, it is needed to create properties with values that reflect important features of each cluster accordingly, and then describe specific adaptation rules. For adaptation according to each student’s individual learning style, it is needed to store proportions of student’s learning styles as property-values in the “Dossier” and then create relevant adaptation conditions and rules. The format of rules in IMS LD should easily be mastered by those teachers or learning designers who have backgrounds in logics and programming. Roles also may be used for adaptation according to learner model. In case of BCM-generated clusters of learning styles, separate role for each learning style cluster may be created. It is necessary to mention the possibility to extend IMS-LIP for cases when there is a need to store personal attributes of a learner not provided in the specifications. Vocabulary, functional and definition extensions are listed in IMS-LIP. As an example of the extension may be presented the one proposed by [16]. 
4 CONCLUSIONS
As emphasized by designers of learning platforms, when talking about virtual learning environment adaptation, three main questions must be considered and answered: what is adapted, to what features it is adapted and why it is adapted. Answers to the first one may be to adapt content, teaching method, material presentation, etc. Answer to last one may refer to didactical and ergonomical reasons. The second question, for the most part related to this paper, may also have many answers: adapt to the specific context, complexity, previous learner’s knowledge and goals, according to corresponding learner model, etc. In terms of learner model, one of the most commonly used models for adaptation is learning style model. Plenty of papers describe adaptation methods and issues for learning style models created by educational and cognitive psychologist. This paper presents an approach usable for data-driven learning style models, namely learning style model inferred using Bayesian case model. The approach is based on IMS learning standards and specifications, and it seems that it is relatively easily implemented using standardized models. 

As modern personalization uses not only learning style, but many other individual factors influencing adaptation, the approach described may be used together with other adaptation methods. 

Attention should be paid to that IMS-LIP being used for adaptation is the interoperability standard which defines a user data model as a set of 11 categories to be imported or exported between systems. In cases when there is a need to store additional information about learner, which is necessary to adapt educational hypermedia system, IMS-LIP may be extended. 

The approach based on LIP specifications and standards is advantageous in sense that it enables to store and use information about learner in a commonly applicable and widely understandable way thus saving time needed to design learning course. It may be used with learner models of various structures and from various sources.
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