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Abstract 
Advancement in technology has facilitated the proliferation of educational tools and platforms to allow 
instructors to design hybrid courses to stimulate student success. Though Massive Open Online 
Courses (MOOCs) are designed mainly as standalone, online courses, a new format emerging in 
higher education is the combination of MOOC with traditional university courses for a blended course 
design. One of the primary goals of such an approach is to enhance student learning and ultimately 
student success and satisfaction. However, little research exists on the implementation experiences 
and the challenges with this hybrid design.  

For several years a Jamaican university has offered an introductory Data Mining course to the 
students in its undergraduate Computing programme. Prior course evaluation feedback indicates that 
students would like to have more interesting and stimulating sessions. In addition the School is 
considering expanding its course offerings in the subject area. Such an undertaking will require the 
commitment of additional resources and questions have arisen about how best to undertake such a 
development. This study will pilot and test a hybrid face-to-face and MOOC offering of the current 
course. Feedback from the pilot will give directive as to how to optimally implement and design new 
course offerings. In addition the pilot may provide a means of enhancing the current course. 

This study uses a multiple method approach to evaluate the implementation of the offering in terms of 
student engagement, student knowledge and MOOC system usability. Both qualitative and 
quantitative data are collected for this study. The method involves the collection of data from student 
participants using validated questionnaires, focus group discussions and the acquisition of student 
usage data of the MOOC. Detailed statistical analysis of the students’ engagement and MOOC usage 
will be conducted. In addition, text-mining analysis of the students’ forum and assessment feedback 
will be performed to evaluate students’ knowledge.  

Preliminary findings indicate that students are satisfied with the MOOC and face-to-face course 
implementation and are experiencing little challenges with the online material. However, students’ rate 
of completion of the online material and assessments is slow. This is in keeping with prior MOOC 
research. More detailed findings will be available as the course progresses. 

When combined with undergraduate programs MOOCs offer the potential for change and 
collaboration and an opportunity to enhance learning. Such change when carefully assessed can 
provide valuable information on how to enhance courses and leverage resources, thereby providing 
an optimal environment for undergraduate student education. The results of this study may be useful 
to educational stakeholders contemplating the implementation of a hybrid approach to course 
offerings. 

Keywords: Face-to-Face and MOOC Hybrid, Student Engagement, MOOC usability. 

1 INTRODUCTION 
Technological advancement has facilitated the proliferation of educational tools and platforms to allow 
instructors to design hybrid courses to stimulate student success. Massive Open Online Courses 
(MOOCs) emerged in the past decade to connect learners with experts as a way of facilitating open 
access to learning. A comprehensive classification of academic research on MOOCs reflects the 
academic interest in MOOCs primarily from a learner perspective [1].  

Though MOOCs are designed mainly as standalone, online courses, a new format emerging in higher 
education is the combination of MOOCs with traditional university courses for a blended course design 
[2][3][4]. Little research exists on the implementation experiences and challenges with this hybrid 
design ([3]. Comprehensive research exists on the state of MOOCs in education [5]. Though MOOCs 
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are mostly used as standalone, online courses, a new format has emerged in higher education which 
integrates MOOCs in traditional classrooms [2][3][4]).  Bruff et al., [2] describes this integration as 
“wrapping a MOOC”.  

Initial findings from the various models for integrating MOOCs in traditional classes have so far yielded 
slight improvement in student performance and no significantly evident negative effects [4]. No 
significant differences were found in the remedial course exam scores between active and non-active 
MOOC students [6]. The authors suggest the use of MOOCs for concept review and skills 
strengthening. Further investigations into hybrid education involving MOOCs have been 
recommended [7][6][5]. Large-scale research on whether MOOCs can be successfully embedded in 
undergraduate classrooms and in situations where access to quality higher education is not possible is 
also recommended by [4]. 

Poor user experience can lead to student dropout of an organized course thus user experience with a 
MOOC should be carefully considered [8]. Challenges with integrating MOOCs into traditional 
university settings include huge time investment to ensure course alignment, issues with intellectual 
property rights and difficulties with technology integration [3][4], misalignment between a fixed online 
component and its face-to-face counterpart [2].  

This proliferation of varying MOOCs has encouraged much research into their quality, effectiveness 
and impact on the pedagogy. While the involvement of MOOCs is beneficial and far-reaching, their 
massive enrollment has raised several concerns as it pertains to managing these courses. With the 
increasing student to instructor ratio, it has become less pragmatic to maintain the quality of tutor 
involvement, which may not be prioritized. Along with concerns of student isolation are the limited 
opportunities for future feedback in formative assessments targeting student development. Although 
peer review models are valued, they often lack the specific expertise required especially for the 
heterogeneous background of participants [9].  

In response to these concerns, advancement in technology has enriched the capabilities of Learning 
Management Systems (LMS) and the MOOCs that utilize them. Many LMS record data on actionable 
insights into student online behaviour (trace items such as time spent online) and learning 
performance from generated assessments. However such capabilities often require automated 
feedback to facilitate the massive student enrolment. This automated feedback is often summative 
due to the type of online assessments (usually choice based) [9]. Moreover, to maintain the validity of 
the online assessments and reduce cheating, tutors must also invest time in redesigning 
assessments. 

Student engagement is integral to a successful learning experience [10]. Engaging students, however, 
to help motivate their learning is lacking at the tertiary level [11]. The increasing focus on student 
engagement and blended learning approaches to support student learning experiences and 
assessment activities are designed to ultimately lead to student satisfaction and success [12]. 
Mandernach [10] concludes that a multi-faceted approach, rather than a single assessment strategy, 
is necessary to effectively address and measure student engagement. 

Student engagement is mostly defined as student investment in learning activities but this definition is 
increasingly being broadened to include behavioural, cognitive and affective components [10]. There 
is increasing focus on engagement and blended learning approaches to provide students with active 
and collaborative learning experiences [12]. In the online environment, learning management systems 
can provide instructors with standard access data and other metrics to investigate student 
engagement and to allow them to understand how students engage with their course [13]. 

The International Standard ISO9241 definition of usability is “the effectiveness, efficiency and 
satisfaction with which specified users achieve specified goals in particular environments” [14]. 
Improving the usability of learning materials in MOOCs can enhance the student user experience [15]. 
Yousef et al [16] developed a framework for evaluating MOOCs.  The framework included key 
dimensions of usability and effectiveness. To assess the general usability aspect of the platform, 
Yousef and colleagues [16] used the ISONORM 9241/110-S questionnaire based upon the 
International Standard ISO 9241, Part 110 [17]. The results revealed general satisfaction with the 
usability and effectiveness of the blended MOOC model under study and its ability to address the 
limitations of MOOCs. 

When incorporated in a traditional teaching environment MOOCs can serve to complement and 
supplement the teaching and learning process.  This supplementary characteristic occurs because 
MOOCs provide a set of basic knowledge resource [18]. Flipped classrooms can occur when students 
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review online MOOC content before classes and instructors spend more time discussing content 
rather than imparting knowledge [18]. Instructors therefore prepare questions and interactions rather 
than teaching content [18]. MOOCs allow learners to acquire and apply knowledge [18]. 

MOOCs provide an opportunity for thousands of persons to learn a variety of content. When combined 
with undergraduate programs they offer the potential for change and collaboration. Some clear 
questions and opportunities arise under these circumstances such as (i) how suitable is the MOOC for 
use by undergraduate students; (ii) how usable and effective is the MOOC platform in the context of 
specific undergraduate courses; (iii) to what extent does MOOC facilitate student engagement, and 
student learning or knowledge acquisition and (iv) exploring whether text mining can be utilized to 
assess student learning in a MOOC platform. 

This research study seeks to address the gap of limited empirical evidence on implementing MOOCs 
within a traditional university course [4]. It adopts a multifaceted perspective to explore the 
effectiveness of integrating MOOCs with a face-to-face course offering. Our interest lies in examining 
the effects on student engagement and students knowledge and in evaluating the usability of the 
MOOCs for our purposes. The experience, opportunities, challenges and implications of combining 
MOOCs within the traditional university environment will be documented in this work. This study will 
provide an empirical evaluation which will contribute to the pool of knowledge and will be of interest to 
educational stakeholders who are considering similar implementations. 

2 METHODOLOGY 
Data was collected from students’ use of two self-paced online MOOCs. The two MOOCs were meant 
to supplement the traditional Data Mining and Warehousing course in the undergraduate computing 
degree programme. The Data Mining and Warehousing course introduces students to data 
warehousing design and implementation, data mining approaches and strategies and includes a 
practical lab component, which applies the data mining strategies to various datasets. The course is 
offered during a regular semester period of which instruction lasts for thirteen weeks. The two MOOCs 
were (1) Introduction to R and Visualizations and (2) Interactive Visualizations. The courses provide 
learners with a practical foundation in data analytics and R programming, and covered topics such as 
how to use R programming for data transformation, data formatting, data cleaning and data 
visualization. The online course platform, used to supplement the face-to-face course, became 
accessible from the fifth week of the semester.  

The methodology involved the use of multiple approaches to gather the data. There was a survey to 
gather data on student engagement, an online assessment to evaluate the MOOC acquired  
knowledge of the students and a focus group to gather data on the usability characteristics of the 
MOOCs. In addition analysis of students’ MOOCs usage data was also evaluated. Convenience 
sampling was used for each data gathering method and participation in the study was purely 
voluntary. 

2.1 MOOC Usage Metrics  
Metrics such as students progress distribution and completion statistics, based on student access and 
use of the MOOCs were analyzed. 

2.2 Engagement Survey  
The study adopted a modified version of the Online Student Engagement Scale [19], a validated 
instrument designed to provide feedback on student engagement in online courses. The instrument 
includes behavioural, cognitive and affective components and sought to determine how well 
behaviours, thoughts and feelings describe student engagement with the course. The engagement 
scale items 1 to 19 were coded using a 5-point Likert-type scale ranging from "Not at all characteristic 
of me", coded as 1, to "Very Characteristic of me", coded as 5. Factor analysis by [19] grouped the 
items into four categories: skills (e.g. studying regularly and taking good notes), emotion (e.g. putting 
forth effort and desiring to learn), participation (e.g. having fun in online chats and posting regularly to 
forums) and performance (doing well on tests and getting good grades). An additional performance-
related question was asked to determine whether students achieved a certificate of completion in the 
online course. Demographic data was also collected. The paper-based questionnaire was distributed 
to students during the twelfth week of the semester.  
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2.3 Usability Focus Group  
The focus group meeting was conducted during week thirteen of the semester. In preparation for the 
focus group meeting, the research team members prepared a set of questions related to assessing 
the usability of the MOOC. These questions were to serve as guide during the focus group discussion.  
Approximately ten students were invited to participate in the focus group discussion, however only six 
students attended. The focus group discussion lasted for about an hour.  

2.4 Knowledge Evaluation  
In order to evaluate the knowledge gained by students from the MOOCs an online assessment was 
conducted during week fourteen (study week) of the semester. A summarized version of the MOOCs’ 
content was provided for review before the assessment was taken.  Participants were presented with 
a curated list of questions from the MOOCs’ content. Each question was designed to assess the 
student’s conceptual grasp of the MOOCs’ content at the knowledge level according to Bloom’s 
taxonomy. Each student’s response was evaluated and scored manually by the tutor (referred to as 
the examiner hereafter) and electronically by computer, using automated assessment scoring. The 
automated assessment scoring involved the use of several computer algorithms to evaluate and score 
each feedback. Automated assessment scoring was done to introduce an impartial evaluation of the 
students answers. As is typical with the use of these similarity scoring experiments more than one 
algorithm is used for scoring [20]. This creates an opportunity for richer analysis. Due to the low 
response rate, a Wilcoxon signed-rank test was used to identify whether there was a significant 
difference between each examiner’s score and the automated assessment score.  

The algorithms carry out lexical and semantic comparisons of students’ answers and assigned scores 
based on the similarity of the students’ answers to the model answers. Each algorithm performs 
scoring in a slightly different manner. For example the Wu and Palmer method (referred to as wup 
hereafter) and the Leacock-Chodorow method (referred to as lch hereafter), both assign semantic 
similarity scores from a combination of knowledge based measures [21][22]. Semantic scores are 
based on the meaning of the response in comparison to the model answers.    

Another algorithm called Latent Semantic Analysis [21][22] (referred to as lsa hereafter), is trained to 
understand the entire course content and to therefore evaluate and score students answer based on 
the material from the entire course and not just the model answers. The fourth algorithm used a 
grammar scoring approach for automatically validating the students’ responses to reduce high scoring 
of incoherent answers.  

3 FINDINGS AND DISCUSSION 
Multiple methods were employed to evaluate the implementation of the offering in terms of student 
engagement, student knowledge and MOOC system usability. The results are outlined and discussed 
below. 

3.1 MOOC Usage Metrics 
Eleven percent of signed up students completed the MOOCs and twenty three percent of signed up 
students completed the quizzes in the MOOCs.  An indication that some students who did not 
complete all of the MOOCs course content made an effort to complete the MOOC assessment. 
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3.2 Engagement  
Fifteen (15) surveys were distributed to the participants. Five (5) students responded yielding a 
response rate of 33%. Of the respondents, four (4) were males between the ages of 20 and 24 who 
were specializing in Enterprise Systems while the lone female who was in the 30 and over age 
category specialized in Networking. One student indicated enrolling in more than five (5) online 
courses while two (2) students had never taking an online course before. All respondents had access 
to a computer outside the university setting at least most of the time and accessed the online course 
material mainly off-campus. 

The categories with the lowest and highest mean scores (Figure 3) were participation and 
performance respectively. Given the low response rate, we did not seek to determine whether these 
scores were statistically significant, but rather find them useful as exploratory findings. The skill 
category had a greater mean score than participation, which suggests that students may have read or 
taken notes but did not necessarily engage with their peers in online chats or forums. The high score 
in the performance category could suggest that their reading of notes combined with what they learnt 
in the face-to-face component of the course allowed them to perform well on tests. The score for the 
emotion category was positive (M=3.94, SD=0.33) which indicates that students have a strong desire 
to learn. 

 
Figure 3 - Engagement Categories Vs. Mean Scores 

3.3 Usability of the MOOCs 
In general, the six (6) students who participated in the focus group session welcomed online courses 
because of their convenience and ease of access.  Students expressed a strong desire to use and to 
learn from the MOOC, however this did not materialize into full usage of the MOOC.  “School work 
comes first” was one student’s response. They noted that they were constrained by the workload 
(assignment requirements and assessments) of their academic program.  The low usage could be 
attributed to the fact that the MOOC complemented the face-to-face course and was not mandatory.  

The students thought that the MOOC was organized and liked the fact that the concepts were being 
taught by professionals with experience and competence. They thought that the material was 
informative, readily available, easy to use and easy to learn.  One student expressed the opinion that 
he expected the MOOC content to be similar to the course content.  It should be noted however that 
the MOOC was created for a general audience and not aligned to our specific course. 

The participants liked the assessment component of the site and the use of badges for reward.  Of 
note is the fact that the response time of the MOOC administrator via email was excellent i.e. “very 
quick”.  One student noted that he appreciated the links to externally relevant sites:  “I like the 
integrated data world component”.  

Students stated that the main resources they used from the site were the videos and pdf files.  They 
noted that the practice exercises were based on the videos.  They stated that the assessment 
exercises were “good” and could be done without external help.  One suggestion was that “the 
assessment should come right after the video”.   
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Students reported that the volume on the videos was too low.  One student repeatedly compared the 
MOOC with other MOOCs that he had used before.  For example he expected the MOOC start from 
where ever he stopped.  In effect he had some core expectations of the system.  This might suggest 
that there is scope for further work to identify and document core features of MOOC platforms and 
how they impact learning.  

3.4 Knowledge Evaluation and Analysis 
From the MOOC offering, only six (6) students opted to complete the online assessment. Each student 
provided open-ended responses to seven (7) knowledge type questions, (see Appendix A), based on 
the MOOC content. As described in the methodology section above, the responses provided were 
then automatedly scored using the Wu and Palmer (wup), Leacock-Chodorow (lch), Latent Semantic 
Analysis (lsa) and grammar similarity scoring methods and manually by the tutor (examiner). The 
distribution of responses for each question, illustrated in Appendix B, show the variation of scores for 
each question by each automated assessment scoring strategy.  

In general students had acquired conceptual understanding of the content of the MOOCs as indicated 
by the tutor’s total average score of 5.9 out of a total of 7. With reference to Appendix B. with the 
exception of questions 3, there is congruence of at least two (2) of automated assessment scores with 
the examiner score.  This level of agreement is also visible for the median with exception of question 
5, where there is a larger difference and more agreement between the wup and grammar medians. 
There is consistent agreement with the maximum score across all the algorithms and the examiner. 
This could indicate that one student was outperforming all the others. There is no consistency across 
all the algorithms for the minimum, however there is a tendency for the lch algorithm score to agree 
with the examiner’s minimum score.   

Scores assigned to students responses for questions 1, 5, 6 and 7 by human examination were 
typically higher than automated assessment scoring strategies. These questions utilizing the verbs 
"identify" and "state" and were given lower automated assessment scores. While these methods 
identified the semantic similarity of student responses, the scores provided were affected by the 
difference in response length (i.e. number of words) between the student response and sample 
response. In general the distribution of the scores across the questions were above 50%, with the 
exception of question 2. All algorithms indicate that students has sufficient grasp of conceptual 
knowledge. 

A Wilcoxon signed rank test was utilized to determine whether there was a significant difference 
between each of the automated assessment score strategy and the human score provided. Using the 
null hypothesis, that there was no significant difference between the median of the pairs of automated 
assessment algorithms when assessing knowledge at the Bloom’s taxonomy, the hypothesis was 
tested at a 90% confidence level.  

According to the calculated p-value, for all questions, when  comparing the score provided by  Latent 
Semantic Analysis vs. Human Examiner [p-value=0.028, score=0], Wu and Palmer vs. Human 
Examiner [p-value=0.028, score=0], Wu and Palmer vs.  Latent Semantic Analysis [p-value=0.028, 
score=0], the null hypothesis for response to knowledge questions 1-7, may be rejected based on the 
samples provided, highlighting a difference in the score assigned to samples between respective 
pairs. However, the sample also showed that for Leacock-Chodorow vs. Wu and Palmer [p-
value=0.917, score=10], Leacock-Chodorow vs. Latent Semantic Analysis [p-value=0.917, score=10] 
and Leacock-Chodorow vs. Human Examiner [p-value=0.173, score=4], the null hypothesis may not 
be rejected based on the samples provided. This highlighted that there was not a significant median 
difference between the scores provided for responses to knowledge questions 1-7 for the scorers and 
that they were similar.  

The automated assessment scoring strategies involved, namely Leacock-Chodorow, Latent Semantic 
Analysis and Wu and Palmer, may be considered to assist with scoring the semantic similarity of 
open-ended responses within a Data Science MOOC. However, considering the observed variances 
in automated assessment scores, grammar score identified and human examiner score, the methods 
should not be considered as the only contributor to scoring in a Data Science MOOC. While semantic 
similarity is useful, knowledge based questions also need to consider the provision of specific facts 
before being accepted, a feature that may be overlooked with these methods. 
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3.5 Lessons Learned 
Given the sample size and the low response rate, the lessons we have learned may be insightful for 
future offerings of the course.  

• Both the MOOC and the undergraduate course should start simultaneously this will allow 
students more time to use the MOOC, and will provide the better integration of the two. 

• The content and objectives of the MOOC should be strongly coupled to those of the 
undergraduate course. The MOOC content focused on R analysis while the undergraduate 
course involved broader concepts of data mining and data warehousing.  

• Where the MOOC is optional, usage and engagement may be low.  

• Sustained strategies to ensure that students use MOOCs are required. 

• Assessments on MOOC could be part of the formal assessments for the course. In our case, 
the assessments were separate. 

• Preliminary results suggest that the human examiner scoring and automated assessment 
scoring are similar. Automated assessment scoring could be utilized to reduce instructor 
workload for evaluating students’ electronic submissions. 

3.6 Limitations and Delimitations  
Due to convenience sampling and the lack of a control group, we were not able to make causal 
conclusions; thus our results should be interpreted with caution since its level of generalization is  
limited. The study was not able to determine the extent to which instructor behaviour and teaching 
style influenced students’ participation levels. The small sample group is also another limitation. Due 
to the very low response rate, these exploratory findings will be used as input to a further design.  

4 CONCLUSIONS 
Our study integrated two (2) MOOCs in a traditional face-to-face undergraduate course. We used a 
multiple method approach to evaluate the implementation of the offering in terms of student 
engagement, student knowledge and MOOC system usability. Despite low enrolment, preliminary 
results suggest that undergraduate students have a fairly positive experience with MOOCs.  

With respect to engagement, we found that students were fairly well engaged in the MOOCs. The skill, 
emotion and performance categories had higher mean scores than the participation category which 
included items relating to helping fellow students, getting to know others and posting in forums. 
Further research is needed to explore underlying factors which may have led to this phenomenon.  

The perception of usability of the MOOCs by undergraduate students was fairly good and could be 
improved based on specific student suggestions in particular learning environment. 

The study successfully highlighted the incorporation of several algorithms that may be used as a part 
of an Automated Assessment Scoring option to address the massive tutor concerns being 
experienced in today’s MOOCs. The utilization of knowledge-based strategies which assign a 
semantic similarity score to open-ended responses, may be considered as inputs to an Automated 
Assessment Scorer for a Data Science MOOC. While the sample chosen illustrated no significant 
difference between the methods and human scoring, these semantic similarity strategies may 
disregard required facts in a question designed to test knowledge based on Bloom’s taxonomy. Text 
mining in different domains remains an active area of research and further work will assist in 
identifying the specific needs of Data Science MOOCs. 

Future work is recommended with a larger sample size. Moreover, there is scope for related research 
studies to explore issues discovered in the project. 
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APPENDICES 

Appendix A: Seven Knowledge type questions 

1. Describe each step of the Data Science control cycle. 

2. List 3 packages used to create visualizations in R. 

3. Name three (3) types of visualizations you can create in R. 

4. Identify a scenario when you would use each type of visualization stated above. 

5. Describe three drawbacks of using excel for data science projects. 

6. State in your own words, what is data science? 

7. Identify one reason you would use python instead of R. 

Appendix B: Automated Assessment Scores for Questions using different 
algorithms 
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