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Abstract – Over the last decade, researchers are investigating 

the potential of the educational paradigm shift from the 

traditional “one-size-fits all” teaching approach to an adaptive 

and more personalized study process. Availability of fast mobile 

connections along with the portative handheld device evolution, 

like phones and tablets, enable teachers and learners to 

communicate and interact with each other in a completely 

different way and speed. The mentioned devices not only deliver 

tutoring material to the learner, but might also serve as sensors 

to provide data about the learning process itself, e.g., learning 

conditions, location, detailed information on learning of tutoring 

material and other information. This sensor data put into the 

context of the study process can be widely used to improve 

student experience in the classroom and e-learning by providing 

more precise and detailed information to the teacher and/or an 

intelligent tutoring system for the selection of an appropriate 

tutoring strategy. This paper analyses and discusses acquisition, 

processing, and application scenarios of contextual information. 

Keywords – Context data acquisition, learning process, 

intelligent tutoring system, context awareness.

I. INTRODUCTION

Context-aware systems can sense their surrounding 

environment. Sensing can be done via physical, virtual or 

logical sensors. The most commonly used context definition in 

computer science is Day’s definition [2]: “Context is any 

information that can be used to characterize the situation of an 

entity”, where entity is defined as everything that is relevant (a 

person, an object, or a place) participating in the interaction 

between a user and a system. The information that is defined 

as any element of data, that allows description of any 

condition or state of the participating entities. In other words, 

context describes: where you are, who you are with, and what 

resources are nearby. In the education domain these aspects 

are as follows: are you in the classroom or in the virtual 

environment; are you working individually or collaborating in 

a team; what kind/difficulty/type of the learning material is 

required and is available. Additionally, information about 

learner’s qualifications, previous experience, level of 

knowledge in the particular problem domain, preferences, 

learning style and many other aspects can be sensed and used 

to elaborate the learning process.  

The above mentioned information elements in the context-

aware systems can be joined together and expressed in a 

formalized way. For example, it is difficult to express a 

specific learning material requirement through keywords. If a 

learner is looking for a content about “machine learning”, 

targeted to the certain level of difficulty/advancement, search 

engines will not be able to provide the best possible results 

[3]. Additional information, like, situation where this 

information will be used and/or reason information is searched 

for, can be used to improve search result precision and 

accuracy. In the learning domain Intelligent Tutoring Systems 

(ITS) in most scenarios operate as recommender systems that 

gathers appropriate and requested learning material from the 

learning object/ training material repository or provides other 

recommendations about the learning material application. For 

more advanced scenarios intelligent tutoring system is used to 

asses learner’s knowledge [4]. If the context aware system is 

able to identify learners who are working on a similar learning 

activities, the system can suggest suitable peer learners to 

collaborate with [5]. In the small group classroom training this 

scenario is performed by a teacher who can encourage learners 

with similar assignments, interests or previous experience to 

collaborate and learn together. These are only a few of many 

possible learning scenarios. However, for any of those 

scenarios either ITS or teacher should be aware of the 

learner’s context, be sure that the contextual information is 

understood properly and be able to take further actions to 

provide best possible individualized learning experience. 

In this perspective new challenges emerge for capturing, 

understanding and exploiting the contextual information for 

classroom and virtual learning environments. The goal of this 

paper is to analyse and improve contextual information 

acquisition and identify application opportunities for a hybrid 

learning scenario. The research contribution of this paper is 

threefold. 

 First, identified contextual information data sources for a

particular hybrid learning environment; classroom and

virtual. Created data structures with corresponding

dependences and references.

 Second, the contextual information verification 

schema/approach is proposed.

 Third, empirical contextual information application

scenario is analysed.

The paper is organized as follows. Section II discusses 

theoretical background. Section III presents the analysis of the 

hybrid learning scenario. The simplified high level learning 

context model is proposed in Section IV. Proposed contextual 

information verification approach is discussed in Section V. 

Contextual information application scenario is discussed in 

Section VI. The Section VII concludes the paper. 
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II. ITS THEORETICAL BACKGROUND

To provide individualized tutoring the ITSs are using a set 

of information from the problem domain, the pedagogical 

knowledge and the knowledge about the learner. Problem 

domain and pedagogical knowledge is more static and is 

changing only when a new tutoring strategy is implemented or 

a new methodical material is imported/made available in the 

system. ITSs functional aspects will not be covered in more 

details as they are out of the scope of this paper. The 

knowledge about the learner is a subject of rapid change as 

learner constantly evolves, changes his expectations, skills, 

experience and requirements. The knowledge about learner 

can be divided into two blocks: static and dynamic 

information. Both kinds of information may have relationships 

and dependences. These relationships enable context 

reasoning, which is based on a primary context (sensed form 

sensors) and relationship information, and enable user/system 

to calculate/gather secondary (calculated) context [6]. For 

example, the location data provided by ITS mobile 

application, like GPS coordinates, is meaningless for the 

tutoring system. However, these coordinates can be 

transformed into more meaningful data, like location name 

with its corresponding data. The ITS instead of latitude and 

longitude can get location name, its application purpose, 

number of seats in the room, light conditions, and any other 

relevant information. In any of the context information 

gathering cases, it is important to evaluate the number of 

required resources to get the intended result with an acceptable 

quality and a level of trust. Sometimes information gathering 

is so expensive and long, that at the end, the gathered 

information might be outdated and unusable.  

For the classroom tutoring learner profiling/modelling is 

done by a teacher, is based on the teacher’s experience, 

knowledge and intuition, and only for a small groups of 

learners. For large groups it is not physically possible to 

evaluate each individual performance, expectations and 

preferences without any technological support. Therefore, in 

real life situations these adaptions are implemented at a certain 

level (usually group) of individualized tutoring material. For 

example, in the classroom teacher covers a theoretical 

material, but in the online course management or in the ITS 

adapts the tutoring material by providing examples and tasks 

with different learning styles and difficulty level. 

The idea of ITSs is to adapt the teaching level and delivery 

according to learners' skills, knowledge and other needs, and 

to provide a just-in-time feedback. Traditionally, ITSs observe 

learners' behaviour and react by providing feedback, hints, 

suggesting learning topics, searching for tutoring material, etc. 

[7]. Typical ITSs contain a predefined learning path, which a 

learner precedes by studying a concept by exploring learning 

materials [8]. 

In the both adaptation scenarios there is a need to collect, 

process, analyse and use the data about the learning process 

and the environment to facilitate learning process. Data 

mining algorithms and tools can be used for this purpose. 

Data mining applications in ITS domain is a subject of 

research for number of years. Kotsiantis et al. [9] have done 

pioneer work in predicting student dropouts by machine 

learning techniques. They were taking data from educational 

institution databases, like personal data, course activity in the 

beginning of course, and used six modelling paradigms – 

Naive Bayes model, decision trees, back-propagation neutral 

networks, support vector machines, three-nearest neighbours’ 

algorithm and logistic regression. However, there is still a 

need for further result evaluation and application in tutoring 

process.  Hamalainen et al. [1] says that unwillingness to use 

data mining and machine learning techniques in an 

educational context is partly due to domain-specific problems 

and other related problems. Nowadays, technology 

development overcomes this problem through tool 

simplification and availability improvements, for example, 

through cloud based [10] [11] machine learning services [12] 

where all backend complexity is managed by a service 

provider. This new situation enables researchers to focus on 

what matters and ignore related indirect activity or 

complexity. 

Hamalainen et al. [1] clarified general modelling paradigms 

for developing adaptive ITSs and tested them with real course 

data. They adapted a dual principle of descriptive and 

predictive modelling. This principle combines classical 

paradigms of data mining and machine learning (see Fig. 1). 

Fig. 1. The iterative process of descriptive and predictive modelling [1]. 

Descriptive phase analyses learners’ observation data and 

searches for correlations and association rules, and predictive 

phase generates the learner model. The same process can be 

used for context modelling. The descriptive model analyses 

data from the past or surroundings and pattern searching, like 

correlations and association rules, whereas the predictive 

model defines structure (variables and their relations). 

Hamalainen et al. [1] propose to apply the resulting models to 

the next course. The result serves as a validation of the model 

and guides the construction process of the next stage. 

However, this approach of only applying a new model to the 

next course, but not to the currently ongoing, is limiting as the 

next course might have different goals, teaching methods, etc. 

Therefore, for the given example, the risk of inaccurate 

models increases and can drive all adaptivity to failure. To 

decrease the above-mentioned risks, it is proposed to apply to 

application new data

predictive

model

model

descriptive
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the ongoing course the iterative process introduced by 

Hamalainen et al. [1]. The process used within the same year 

by building a model on a group of students and then apply the 

model to the students within the group to recognize student 

patterns and correlations within the context of an independent 

environment. 

The same challenges apply to the context-aware systems 

designed for learning support. The survey of context-aware 

recommender systems presented by Vebert et. al. [3] shows 

that several context-aware systems for learning have been 

elaborated, but important challenges still remain. For example, 

validation of the developed prototypes, their impact 

assessment on the learning and context-aware system 

performance in real life learning scenarios. The context 

acquisition, evaluation, interaction and required data 

infrastructure are examples of many important challenges in 

the classroom and the intelligent tutoring systems domains. 

The main focus in this paper is on context acquisition, 

evaluation and application. The interaction and the data 

infrastructure challenges are relevant for large scale purely 

online based learning systems that are not the subject of this 

research paper. 

The most common context elements that are used for 

context-aware learning systems are [3]: computing (software, 

hardware and network), location (qualitative, quantitative, 

proximity), physical (noise level, weather, lighting), time 

(timestamps and time intervals), activity (topic, action, task), 

resource (general, technical, annotation, educational, relation), 

user (basic info, knowledge, interest/preference, learning 

style) and social relations. The considered context elements in 

the scope of this research are: time, activity, resource and the 

user context. In more details they are discussed in Section IV 

of this paper. 

III. ANALYSED HYBRID LEARNING SCENARIO 

This research paper analyses a hybrid learning scenario, 

where traditional classroom training is provided with 

additional learning materials available via online ITS 

prototype (see Fig. 2). Learning materials contain video 

lectures, theoretical material and related examples. At the end 

of the course learners’ feedback is collected via survey, that 

gathers information about the teacher performance, used 

presentation techniques, number of hours per week spent on 

learning and course topic relation to previously learned 

courses. Each video lecture is marked with keywords and has 

detailed covered topics. The learners are identified by their 

names, surnames, student IDs and e-mail addresses. 

Each learner is uniquely identified in the educational 

institution systems and in ITS prototype (for UI example see 

Fig. 2) by user ID and username. These identifiers are used to 

join together the information from various data sources and 

assign them to one physical person ‒ a learner:  

 The Information systems of the educational institution 

contain data about learners’ previous education, 

performance scores, chosen study program, study start 

date, list of selected courses, personal information (name, 

surname, place of living, bank account information, 

identity number, phone number, e-mail address), 

information about used university facilities and 

resources, like, WiFi connection, browsed internet 

resources, accessed scientific databases and many other 

information. 

 The learning management system (Moodle) of the 

educational institution stores information about the 

available learning material, access log information 

(which resource has been downloaded by whom), number 

of assigned students, tests, scorecards and messages sent 

to the learner. 

 The ITS prototype contains more detailed information 

about the learning material which is stored in Learning 

Object Metadata (LOM) [13] metadata format, as well as 

detailed information about learner activities and used 

resources. 

Fig. 2. ITS Lecture video player screenshot. 

All these data sources have their own storage format, 

technologies used, data structures, system owners and 

application purposes. In order to extract valuable information 

from the data, there is a need for specific mechanisms and 

approaches. Context models can serve as models that connect 

these data sources and enable information extraction in 

reusable way. Therefore, a simplified learning context model 

is proposed in the next section. 

IV. LEARNING CONTEXT MODEL AND DATA REFERENCES 

For the analysed hybrid learning scenario computing, social 

relation and physical context elements are not relevant. In 

particular, computing element nowadays is not that important. 

As an example, mobile smartphones have more capabilities 

than PCs that are more than 10 years old. These devices can 

play videos with the same level of performance as modern 

computers. Industry standards, like HTML5, enable the same 

user experience across devices (smartphones, tablets, 

computers). The mobile 3G and 4G networks have the same 

throughput as LAN connections. The location element can 

serve as a valuable information source about learning content 
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consumption habits and environmental surroundings and at 

some point improve the learning content selection. Location 

awareness and mobile applications have been a subject of 

interest for context aware system authors for years. There are 

several prototypes developed where, based on location 

information, learning material is adaptively presented and/or 

learning material is broadcasted to mobile device [14], [15], 

[5]. However, even if mobile device application can be 

beneficial for some scenarios, still most of the higher 

education learning is happening in university classrooms 

where whiteboards at some point are replaced by interactive 

PowerPoint presentations, where the number of learners can 

be from few up to several hundreds, where teachers are using 

one kind of learning material and one kind of approach to 

deliver it to the learners in the classrooms. In other words, 

researchers are focusing on searching for new ways to learn 

instead of gaining full potential out of the existing learning 

setup at universities. 

To meet the above mentioned objective hybrid learning 

scenario is taken as a basis for context awareness 

implementation. The learning context model is created from 

the analysed context elements (time, activity, resource, user). 

Elements are selected based on the set of data that is available 

from various data sources in the problem domain and 

additionally can provide value for the analysed hybrid learning 

scenario. The time factor is common for all context elements 

and therefore is not defined as a separate context element.  

Fig. 3. Context element model structure example. 

Fig. 3 presents a part of context element model structure. The 

context element model consists of tree sublevels. At root level 

all context element values are presented for further application 

in ITSs and/or classroom training. At the information level the 

data from single or multiple physical, logical and/or virtual 

sensors is aggregated, processed and prepared for further 

application. At the sensor level raw sensor data is captured 

and/or read and prepared for analysis.  

To remind, the physical sensors might be: light, visual 

context (video and infra-red cameras), audio, motion, location, 

gesture, temperature and biometric sensors. In the ITS context 

these sensors usually are web cameras or sensors that are 

measuring learner’s heart rate, or blood pressure to identify 

learner’s response on learning content [16]. Virtual sensors are 

software based and are used to observe user actions, like the 

mouse movement, clicked links in the website, etc. The 

sensors from this group are among the most widely used in 

ITS context, because they do not require any physical 

components and have less impact on learning process. The 

logical sensors use virtual and/or hardware sensor data and 

based on the built in mechanisms implement reasoning or the 

sensor data fusion to generate the data output. 

Table I presents examples of structure element, sensor data 

relationships and data extraction methods demonstrated in 

Fig. 3. 

TABLE I 

INFORMATION ELEMENT AND DATA SOURCE RELATIONSHIPS 

Information 

element 

Sensor 

type 

Data source Data extraction 

method 

Used learning 
content 

Virtual 
sensor 

Moodle log SQL Select 
statement 

Virtual 

sensor  

ITS log SQL Select 

statement  

Learning 

content 
preferences 

Logical 

sensor 

Moodle Log, 

Resource DB, ITS 
student model, 

Survey data 

SQL statements 

and reasoning 
techniques  

V. PROPOSED CONTEXTUAL INFORMATION VERIFICATION 

APPROACH 

Many of the surveyed systems [3] rely on a manual input 

from the users, moreover, the authors claim that several 

systems indicated that they use contextual data, but do not 

describe the methods that are used to capture this data. In the 

analysed learning scenario (see Section III) manual user input 

data is available only at the end of the course via learners’ 

survey. Therefore, the automatic/semi-automatic context 

acquisition techniques should be used. Two step approach is 

proposed to validate the context acquisition results (see. Fig. 4). 

The approach consists of two steps to split fully automated 

and semi-automated activities. 

In the first step all available data about the particular 

context element from the various data sources is aggregated. 

In the first step’s second sub step data values are compared to 

each other in order to identify differences. If all data 

items/sources provide the same data/information, then the step 

two is skipped as the human input will not add any additional 

value to the context element. The context element value is 

marked as fully trusted. Then this context element can be used 

in the ITS or can be evaluated by the teacher to choose/adjust 

the tutoring strategy. 

Sensor level
Information 

level
Context 

element level

Activity

Used learning content

Downloaded content 
from Moodle

Downloaded/Viewed 
content from ITS

Learning content 
preferences

Calculated value from 
system usage database
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Context data  
sources

Fully 
automated 

step

Gathered 
context 

verification

Semi 
automated 

step
Fig. 4. Contextual information verification approach steps. 

In case when values contain different data/information in a 

step two, based on the level of the trust of the data sources 

defined in the context model, the element's level of trust is 

calculated. Finally, if the system is not able to assign the level 

of trust for the context element, the manual input either from 

the learner or from teacher is requested. In this case the 

contextual information management component is storing the 

calculated as well as manually assigned value of the context 

element. 

This semi-automated contextual verification process can be 

made fully-automated by implementing various mechanisms 

of uncertain knowledge management and reasoning 

techniques, like probabilistic reasoning and probabilistic 

reasoning over time, supported by simple and complex 

decision making techniques[17]. 

VI. CONTEXTUAL INFORMATION APPLICATION SCENARIO 

The hybrid learning scenario discussed in Section III has 

been tested at the Faculty of Computer Science and 

Information Technology of Riga Technical University for the 

last 5 years in Master level study course Artificial Intelligence. 

The ITS prototype collects the data about each learner’s 

interaction with the system. This interaction data provides 

information about learners’ behaviour during the tutoring 

session, indicated learner’s preferences, learning date, time 

and possibly not well understood topics from the classroom 

session and/or particular subjects of interest.  

The information from the university systems describes 

learner’s performance in other courses studied at Riga 

Technical University. Annual learner’s survey provides 

subjective information about the number of attended lectures, 

level of course topic understanding, teacher’s performance and 

teaching approach evaluation and number of hours spent per 

week on subject learning and downloaded tutoring content 

from the learning management system. Unfortunately, detailed 

final examination information is not available at this stage. 

This information is used to create the context based 

descriptive student model that is applied in the ITS and at 

some degree in the classroom. The observed and collected 

data about the learning process is used to generate predictive 

model that includes recommendations to the teacher on 

possible learning content/teaching strategy adjustments and 

changes in the way related/recommended learning objects are 

selected in the ITS. The descriptive model serves as a 

foundation to generate individual and/or group based learner 

profiles. That can be used in the context reasoning to draw 

conclusions and/or describe/plan impact of the chosen 

approach to the learner’s performance. 

Fig. 5. Activity level across day. 

The ITS usage can be reviewed in more detail. In particular, 

from this data the teacher is able to identify the learning habits 

of the student group (see Fig. 5). These results show that 

afternoons and evenings are almost equally popular time to 

learn for this group of students. The left bar of each day period 

shows the level of the activity for the first half of the month, 

consequently the right bar shows the data from the second half 

of the month. The data demonstrates that afternoons and 

evenings are the most active periods of system use and this 

might be due to students’ employment and not due to the 

learning style.  

Fig. 6. ITS system load. 

This assumption can be verified by checking students’ 

context if it contains the information about employment status. 

This is only one of the possible perspectives of the data 

analysis on the activity and students’ learning habits.  

Additionally, the study of the above mentioned information 

shows that students are willing to get access to additional 

learning material and are using it to prepare for the course 

exam (see Fig. 6). The level of interest significantly drops after 

the exam day.  
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The developed ITS prototype provides more detailed 

information about which lecture, which topic had been of 

interest most. In the studied example data set Lecture 14 and 

Lecture 12 with corresponding course topics are among the 

most used ones. Lecture 1 is not analysed in more details 

because it was the first lecture that was viewed by all students 

out of curiosity.  

The studied data indicates that the topics covered in both 

mentioned lectures might not be well understood during the 

classroom session and students used the opportunity to study 

these topics once again. That raises more questions, like, was 

there enough time spent to explain the topics that were 

covered in these lectures, maybe there is a need to spend more 

time on the topic and/or related topics. 

To validate this assumption more detailed analysis is 

required, as there might be several reasons for this extra 

attention from students. For example, if the questions of the 

final exam have clear and obvious connections between the 

topics covered in the lecture. This information can be used to 

identify possible/required changes either to the teacher’s 

performance or the way how this topic has been explained. 

The provided example data demonstrates the potential of 

the contextual data application. The information on individual 

learning habits joint with information about individual 

student’s employment, hobbies, previous experience, interests, 

performance in other courses may provide valuable 

information to the course author and to better understand how 

students of the particular group study, how they prefer to 

access information and many other aspects. Most of the 

required information is already present in the information 

systems of the educational institution.  

VII. CONCLUSIONS AND FUTURE WORK 

The context-awareness has the potential to let applications 

provide more personalized learning experience to learners. 

The analysed scenario clearly demonstrates that current 

information systems of the educational institution store 

valuable information that can be used in context-aware 

educational systems and further research can be done to 

improve the information gathering and processing capabilities. 

Furthermore, it is important for the learning course authors to 

use this information to improve both virtual and classroom 

learning experiences.  

The availability of lecture video that reflects classroom 

lecture content is a subject of interest for students. At the 

moment there is no research done to identify whether the 

analysed hybrid scenario has positive and/or negative impact 

on the overall learning process and students’ performance.  

The lack of frequent feedback from learners limits the 

ability of the system and course authors to respond to new 

types and kinds of learners’ demands and evaluate ITSs 

prototype performance. Therefore, further research will focus 

on automated/semi-automated contextual information 

gathering and evaluation mechanism development.  
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