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Abstract: Evaluation frameworks for adaptive and intelligent tutoring systems have largely focused on
their prediction power or user experience. However, neither subjective or objective method alone is
enough to assess all the properties of any given system, including effectiveness, efficiency and
accuracy. This paper proposes an evaluation framework as well as evaluation recommendations for
adaptive and intelligent learning systems. The evaluation framework incorporates objective and
subjective measures in terms of learning effectiveness, learning efficiency, system accuracy,
satisfaction, ease of use and learner engagement.

Introduction
With the continuous development of technology and exponential growth of the e-learning market, both private and
public educational sectors have acknowledged the possibilities of adaptive and intelligent learning systems. These
advances offer the chance to extend the learning experience to outside traditional classrooms and laboratories (Looi et
al., 2014). Furthermore, these technologies can encourage research skills and interactive learning while taking into
account students’ individual learning styles. The majority of higher education authorities believe that personalised,
adaptive learning could make a positive impact on the field of education. Preliminary research results have shown a link
between a reduction in drop-out rates and utilizing e-learning software in education (Forbes, 2014).
While plenty of global interest going into developing new programs to realize technology’s full potential, it is
important not to get lost into the possibilities without fairly assessing the effectiveness of these learning methods.
Adaptive intelligent learning is not aimed at replacing the teachers in the classrooms, but to empower them to teach at
a deeper level instead of merely trying to get through the curriculum. Several studies look at the benefits of integrating
technologies in the learning process, e.g. improvement in attitudes of both teachers and students and increase in skills
(Looi et al., 2014; Song et al., 2012). Furthermore, adaptive intelligent systems can help bridge the gap between low
and high achievers (Ghergulescu et al., 2015).
Special attention should be given to the evaluation of adaptive and intelligent system as neither subjective or
objective method alone is enough to assess all the properties of any given system, including effectiveness, efficiency
and accuracy. We propose combining subjective and objective methods to evaluate the system, its learning effectiveness,
learning efficiency, system accuracy and user experience. In addition, the motivation for this paper stems from the
potential for personalization through adaptation of intelligent tutoring systems, as they offer a real opportunity to prevent
disabled students from missing out on education, which has a knock-on effect on their chances of participating in
working life after school or higher education.
The rest of the paper is structured as follows: in section 2, we discuss previous work in terms of measures of learning
evaluations previous evaluation frameworks, including qualitative and quantitative methods, and the benefits and
fallbacks of objective and subjective data. We give an overview of previous research on the different methods of
measuring learning effectiveness, efficiency and user experience. In section 3 we describe the proposed evaluation
framework, and offer subjective and objective measures and recommendations for comparison evaluations. Section 4
concludes the paper.

Literature Review
Measures of Learning Evaluation
When we measure learning, we measure an improvement in skills, increase in knowledge or change in attitude
(Kirkpatrick, 1998; Giorno et al., 2013). In addition to increase in knowledge and understanding of the topic, the time
taken to learn is also a factor in measuring learning effectiveness. As one’s learning is a complex construct and difficult
to measure in an objective manner (Gosen & Washbush, 2004), it is essential that we clearly define what is it that the
students need to learn, i.e. the learning outcome, and also how this will be measured. It is also essential to understand
the students’ level of knowledge prior to the learning experience and recognize that students have different learning
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styles and preferences (Ghergulescu et al., 2016). For the educator, the issues of cost and time are deciding factors when
it comes to deciding the models of learning methodologies (Gosen & Washbush, 2004).
Quantitative and qualitative methods of measuring of learning effectiveness both have their strengths and
weaknesses. Quantitative measures such as multiple choice questionnaires are easier to analyze for statistically
significant differences due to their standardization, which can form the basis of change in teaching and learning
methodologies. On the other hand, qualitative measures give a deeper insight into the processes and outcomes of a
learning experience, but extracting patterns and relationship is more difficult. The same is true for objective and
subjective data: objective such as analytics can provide results from statistical analyses, while subjective data, though
more difficult to process, can offer further information how the learner or educator experienced the learning process.
Researchers have also used synthetic subjects i.e. simulated learners to study learning effectiveness. Problems arise,
however, if simulated learners are over-fitted to the learning environment resulting in unrealistic predictions. Similarly,
using volunteers is prone to bias: the sample size if often small, and the group might not reflect the underlying population
(Greer & Mark, 2015). Same applies to studies on adaptive e-learning systems (AeLS) in schools: it is important to note
students’ and primarily teachers’ attitudes towards technology overall, and specifically when used in learning.
Learning systems and solutions include different attributes, including learning effectiveness, learning efficiency,
learner engagement. It should be considered that each of these parameters have a part to play in forming a proper insight
into the learning experience and its usefulness. The problem with many online teaching aids is that even though they
might be rated high by the students, they might not actually improve the quality, depth or speed of the learning process.
Effectiveness and efficiency, and how they are measured, must be clearly defined, while measuring learning experience
from the user perspective, including level of engagement, an important indicator on how likely the user is to use it again.
Evaluating AeLS has largely focused on evaluating the correctness of recommendation algorithms, which is one of
several objective methods. While comparing algorithms is statistically accurate and straightforward to analyze, it
assumes that the users’ behavior during the experiment is not significantly different to another time user might carry out
the experiment (Knijnenburg et al., 2012; Shani & Gunawardana, 2011). However, analyzing the correctness of
algorithms is cost-efficient and allows large sample sizes to be analyzed offline, while user-centric studies require input
from users, making large-scale studies challenging and costly (Shani & Gunawardana, 2011). Furthermore, to focus on
user experience as a stand-alone parameter of the system’s quality makes the assumption that the feeling of the
experience alone is enough to measure its effectiveness and efficiency, which is more often not the case. The users’
familiarity with the software and/or hardware is positively correlated with having a positive user experience (Jannach et
al., 2016), resulting in potential bias. Other subjective methods of evaluation of the systems themselves include how
users find the systems’ reliability, security, efficiency and maintainability. Exponentially expanding use of mobile
technology and the large number of hardware providers require any system to emphasize portability and compatibility,
which are strongly connected to providing a positive user experience.
Existing Frameworks
Several frameworks have been suggested for the evaluation of AeLS. Table 1 summarizes these frameworks, with
an overview on the evaluation direction (whether the focus of the evaluation is on the user or the system, learning and
training, or usability), its primary attributes (including performance, effectiveness, satisfaction, accuracy, reliability,
adaptivity) and whether the methodologies have been subjective or objective, or both. Sottilare et al. (2012) focused on
user experience, and subjectively evaluated how users found the system’s functional suitability, reliability, security,
efficiency, maintainability and portability. Their suggested framework, The Generalized Intelligent Framework for
Tutoring (GIFT), was designed to assist in military training in the field, where having a human tutor is unpractical,
unsafe and sometimes impossible. It is a good fit for this purpose, with heavy emphasis on security and portability, but
lacks objective evaluation methods. Knijnenburg et al. (2012) proposed a framework with a focus on the accuracy of
prediction algorithms, incorporating the influence of personal and situational characteristics, and found that objective
aspects of the system were subjectively perceived by the user. Castellar et al. (2015) studied the enjoyment and cognitive
development of students by comparing a math game and traditional paper exercise. While both objective and subjective
evaluation methods were used, the subjects of the study were chosen by volunteers registering their children via the
Computer-Aided Registration Tool for Experiments (CORTEX). This poses an issue highly common to studies using
volunteers and undermines its subjectivity, as it takes a certain type of person, usually with an interest in the topic of the
experiment, to volunteer, not necessarily reflecting the true underlying population and their opinions (Greer & Mark,
2015).
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Table 1. Review of existing evaluation frameworks
Reference

Framework

Manouselis et
al., 2011

Evaluation of Educational
Systems

Knijnenburg et
al., 2012

Generic User-centric
evaluation of recommender
system

Sottilare et al.,
2012

Evaluation based on based on
ISO 9126-1 and ISO 26010
software quality criteria -as
spider points
System evaluation

Sottilare et al.,
2012
Tintarev and
Mashoff, 2007

Evaluation of Explanations in
Recommender systems

Shani &
Gunawardana,
2011

Evaluating recommendation
systems

Lawless et al.,
2010

Evaluation of Adaptive
Personalized Information
Retrieval
Evaluation of end user
experience in adaptive
technology enhanced learning

Mulwa et al.,
2012

Shi et al., 2013,
Shi 2014
Weibelzahl,
2001
Orfanou et al.,
2016
Jannach et al.,
2016
All et al., 2016
Castellar et al.,
2015

Evaluation of Adaptive
Personalized Information
Retrieval
Evaluation of Adaptive
Learning Systems
Empirical Evaluation of the
System Usability Scale
Evaluation of Familiarity as a
User Satisfaction component
Evaluation of game-based
learning systems
Evaluation of gamification in
math vs traditional paper
exercise

Evaluation
Direction
Learning &
training,
Affective
System,
Usability/User
Experience
System

Learning &
training
System,
Usability/User
Experience
System,
Usability/User
Experience
System,
Usability/User
Experience
System,
Learning &
training,
Affective
System,
Learning &
training
System,
Learning
Usability
evaluation
User experience
System,
Learning
System,
Learning, User
experience

Attributes

Methods

Effectiveness, efficiency, satisfaction,
drop-out rate, learner contributions

Objective
and
Subjective
Objective
and
subjective

Effectiveness, satisfaction,
recommendations, interactions,
presentation, capabilities, usability,
appeal, trust, privacy concerns
Functional suitability, reliability,
usability, security, efficiency,
maintainability, portability, compatibility

Subjective

Learner effect, performance

Subjective

Effectiveness, efficiency, persuasiveness,
trust, scrutability, transparency,
satisfaction
Prediction accuracy, satisfaction,
coverage, confidence, novelty,
serendipity, diversity, utility, risk,
robustness, privacy, adaptivity, scalability
Effectiveness, efficiency, satisfaction

Subjective
and
Objective
Subjective
and
Objective

System functionality, reliability, usability,
efficiency, maintainability, learner
collaboration, knowledge acquisition,
reflection, engagement
System functionality, learning
improvement, system prospect

Subjective
and
Objective
Subjective
and
Objective
Subjective

System functionality, learning
improvement, knowledge acquisition,
adaptivity
System usability scale

Subjective
and
Objective
Subjective

Satisfaction, trust

Subjective

System functionality, learning
improvement,
System functionality

Objective
Subjective

Proposed Evaluation Framework
We propose including several evaluation directions to obtain an insightful, overall framework, the components of
which are presented in Table 2. The proposed framework incorporates the following evaluation directions: learning
and training; system, user experience; and affective. Within learning and training, we suggest evaluating effectiveness
by means of learning improvements, and amount of completed or studied content, and efficiency by means of measuring
time it has taken to reach an improvement. The system’s accuracy is evaluated looking into how accurate the user model
is (i.e., how accurate is the system grating in comparison with standardized tests) and how accurate the recommendations
algorithms are. User experience is evaluated by how easy the users find the system, and their level of satisfaction.
Finally, affective-related evaluation will be performed through engagement and motivation evaluation; how engaged
the learners are, both in and out of class.

-1387-

E-Learn 2016 - Washington, DC, United States, November 14-16, 2016
Table 2. Proposed evaluation framework
Evaluation
Direction
Learning and
training

Attribute

Description

References

Effectiveness

Learning improvements (with and without
revisions);
Amount of completed, or studied content (in
comparison with other learning instructions)

Learning and
training
System

Efficiency

How efficient is the use of the time

Manouselis et al., 2011;
Kirckpatrick’s 1959; Sottilare et al.,
2012; Mulwa et al., 2012: Pane et
al., 2014; Greer and Mark 2015;
Huang et al., 2016
Manouselis et al., 2011

Accuracy

Usability/User
Experience

Ease of use
and
Satisfaction
Engagement,
motivation

How accurate the user model is (i.e., how accurate
is the system grading in comparison with their tests/
exams) and how accurate the recommendation
algorithms are (higher accuracy scores or lower
predictive errors)
How easy to is to use the system

Affective

How engaged are the learners both in class and out
of class

Shani & Gunawardana, 2011;
Mulwa et al. 2011

Tintarev and Mashoff, 2007;
Lawless et al., 2010; Knijnenburg et
al., 2012; Manouselis et al., 2013
Ghergulescu, 2013; Cocea and
Weibelzahl, 2011

We suggest incorporating both objective and subjective methods for all evaluation directions: learning and training,
system, user experience and affective. These are presented in Table 3, with their levels of attributes and specific metrics
broken down.
Table 3. Recommendations for Subjective and Objective Measures
Evaluation
Direction
Learning and
training

Attribute

Metrics

References

Effectiveness

Objective: amount of completed, or studied content objects
during a learning session, improvement of response quality,
effect of adaptive strategies on performance phase; reduced
numbers of learners that drop out during the learning phase;
the knowledge gain; how the knowledge gained was
applied/implemented in real life; expectations achievements
(e.g. meeting expectation, below expectation, above
expectation); knowledge acquisition; amount of requested
materials
Subjective: score of questionnaires that include questions
regarding learning outcome improvement
Objective: time needed to reach the learning phase, time
needed to achieve the learning goal; duration of interaction,
number of navigation steps, task success, response time
Subjective: score of questionnaires that include questions
regarding efficient use of time
Objective: Normalized Distance-based Performance
Measure; utility based ranking; prediction accuracy
Subjective: score of questionnaires that include questions
regarding metrics (especially grades) accuracy
Objective: Navigation patterns
Subjective: questionnaire regarding Satisfaction, Experience,
Ease of use, Familiarity, Quality, Useful
Objective: TimeOnTask, NumberRepeatTask (sameTask),
NumberMistakes, NumberHelpRequest, navigation behavior

Manouselis et al., 2011,
Sottilare et al., 2012;
Mulwa et al., 2012

Subjective: score of questionnaires that include questions
regarding engagement and motivation

Knijnenburg et al., 2012;
Mulwa et al., 2012; Spector
2014; Ghergulescu, 2013

Learning and
training

Efficiency

System

Accuracy

Usability/User
Experience

Ease of Use
and
Satisfaction
Engagement

Affective
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Knijnenburg et al., 2012;
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Ghergulescu, 2013; Cocea
& Weibelzahl, 2011
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For learning and training effectiveness, the objective metrics will include measuring the amount of content studied
or completed during a learning session; improvement of response quality, knowledge gain; reduction in the number of
drop-outs; expectations achievements etc. The subjective metrics will involve questionnaires, which will tell us how the
users themselves feel they have improved. For learning and training efficiency, the objective metrics will focus on the
time spent in learning and task success, while subjective metrics will be based on questionnaires on the users’ views on
the efficient use of time.
The system’s accuracy will be objectively evaluated by normalized distance-based performance measure, utility
based ranking and prediction accuracy, based on algorithm performance. The subjective metrics include questionnaires
to the users and how accurate do they find the grading system. User experience will be objectively evaluated by
analyzing the navigation events of the user, as this provides information on the individual user’s journey, and
subjectively with questionnaires regarding satisfaction, how they found the experience; was the software easy to use
and of good quality. The engagement of users will be evaluated for affective, and the objective metrics will be based on
time spent on a specific task, how many times a user repeated the same task, the number of mistakes they made or
requested help, and navigation behavior. Questionnaires for subjective metrics will include questions regarding
engagement and motivation.
Recommendations for Comparison Evaluation
To show how adaptive, intelligent learning system can truly enhance learning, it is important to compare its results
to learning using traditional methods. We suggest using a mixed model, where two groups with similar characteristics
such as numbers, age, gender, technology-orientation and level of knowledge, are given the same subjective pre-test and
post-test questionnaires, concepts, and subject-specific tests. Attention should be given so that the two groups of students
will have similar demographic characteristics, similar motivation and perception about the subject and simila
knowledge. In the first period, group 1 will be learning with AeLS, and group 2 will learn without; in period 2, group 2
will use AeLS and group 1 will learn without.

Figure 1. Comparison Evaluation model.

Conclusions
Technology enhanced learning is widely seen as the future of education, with personalised learning journeys for
each student through adaptive software, taking into account the uniqueness of every student. These advances are not to
replace the teacher in the classroom, but rather provide them with tools that will enable them to teach students at different
levels, while keeping everyone engaged and up to speed. Several frameworks for evaluating technological learning
systems are widely available but none seem completely comprehensive regarding both subjective and objective
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methodologies. Here, we propose an insightful, overall framework, that combines a variety of evaluation methods that
have been found useful in previous research for the evaluation of adaptive and intelligent system.
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