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Abstract: Meta-thinking skills, which are skills related to the ability to think about better ways 
of thinking, have been object of growing interest in the field of educational psychology. It is 
desirable that learners review their own way of thinking and critically reflect it in order to 
regulate learning in a better direction. Nevertheless, it is not easy for novice learners to actively 
put meta-thinking into practice. Moreover, it is also difficult for others to observe learners’ 
metacognitive characteristics that control the performance and improvement of meta-thinking. 
There has been limited work on proposing Intelligent Tutoring System (ITS) which embeds and 
organizes teaching strategies based on expert instructors’ actual experience. In this research, we 
propose a learning methodology which includes a mechanism to provide learners with 
presentation design tasks as meta-learning tasks and thereby diagnose learners’ cognitive 
characteristics based on the results of their tasks execution. 

Keywords: Intelligent tutoring system, presentation design tasks, meta-thinking skills 

1. Introduction

In the context of adult education, the importance of shaking learners’ beliefs about learning by using 
educational intervention as a stimulus to raise consciousness has been pointed out (Mezirow, 1997). 
Nilson (2013) claimed that “instruction which promotes metacognitive awareness” relating to 
“cognition, behavior, emotion” to enhance learning, encourages the internalization of the approach 
itself and contributes to improving learners’ meta-thinking skills. Bransford (1999) stated that teaching 
to encourage internal aspects of learning should be done based on consideration of contexts of each 
learning subject. Meanwhile, the nature of employed metacognitive intervention strategies, especially 
when it comes to target learners’ motivation and sense of values, varies according to teachers’ 
experience in the practical education fields. Hence, due to their implicit nature, it has so far been 
difficult to accumulate and share knowledge about teaching methodologies of such learning. 

In this study, we aim to propose a model of computer-assisted methodology for promoting 
meta-thinking skills affected by internal factors such as motivation and sense of values about learning. 
To approach this objective, we develop a semantically enhanced learning environment based on 
theoretical knowledge from fields of educational psychology and cognitive science. 

2. Theoretical Backgrounds

2.1 Learning by Explanation as Meta-thinking Skills Training Task 

It has been suggested that verbalization tasks of explaining learned contents, especially explanation 
about self-understanding (self-explanation activities), are effective as opportunities to induce 
metacognitive awareness in various learning domains (Chi et al., 1994), since self-explanation task 
requires metacognitive skills. Furthermore, learning outcomes depend on how well learners explain the 
acquired knowledge (Renkl, 1998). Roscoe and Chi (2007) divide learners’ level of self-explanation 

1



tasks into two types: knowledge-telling and knowledge-building. Knowledge-telling indicates 
verbalization that only states what learner themselves already know, while knowledge-building 
corresponds to verbalization which constructs new knowledge by the way of metacognition (i.e., 
metacognitive reflection and modification of existing knowledge). In self-explanation activities, 
learners often fail into knowledge-telling without appropriate instruction to stimulate their 
metacognition. 

2.2 Self-explanation Tasks in Intelligent Tutoring System 

Several studies implemented self-explanation tasks in a category of ITS, commonly known as teachable 
agents. For example, Biswas et al. (2016) proposed a learning support system called Betty’s Brain. The 
learning scheme with Betty’s Brain let learners teach their own knowledge about the target learning 
domain to the teachable agent (Betty). Since Betty only knows what is taught by the learner, learners 
gain the opportunity to notice their own lack of knowledge based on their interaction with Betty. 
Matsuda et al. (2013) proposed a teachable agent called SimStudent which targets elementary algebra. 
On the system, learners try to teach SimStudent how to find solution to algebra problems. Based on 
taught knowledge, SimStudent demonstrates the solution of problems, and generate incorrect answers if 
rules (i.e., calculation procedures) taught by learners are wrong or insufficient. Learners can become 
aware of their misunderstanding by observing such teachable agent’s behaviors. Through these 
systems, learners try to explain what they understood about the domain in order to make agents acquire 
necessary knowledge in the target learning domain. These systems essentially aim to provide an 
opportunity for learners to reflect on their understanding and make necessary corrections on their own, 
through the usage of self-explanation tasks. In other words, these ITS are not intended to capture 
metacognitive aspects, such as what knowledge are consciously learned, and moreover, do not to 
provide adapted feedbacks to transform learners’ learning behaviors. Thus, it is difficult for such 
systems to make learners with low meta-thinking skills perform knowledge-building through self-
explanation, because they do not capture which particular learning strategies a given learner is using 
(i.e., learning context). 

In this research, we intend to develop a learning methodology that encourages the occurrence of 
metacognitive awareness and acquisition of meta-thinking strategies by capturing learners’ learning 
contexts and learning strategies based on their self-explanation activities. 

3. Research Objectives and Contributions

The main objective of this study is to propose a methodology that captures learners’ inner 
characteristics associated with the learning contexts and gives adapted feedbacks, in order to cultivate 
their meta-thinking skills. More concretely, we set the following research objectives: 

1. Construct an intervention strategy model based on diagnosis of learners’ metacognitive
characteristics for cultivating their meta-thinking skills;

2. Develop an authoring system for enabling teachers to prepare rational teaching materials of
meta-thinking skills development in various learning domains;

3. Build a strategy-aware learning environment based on the intervention strategy model and
enhance it through evidence collected from continuous practice (i.e., evidence-based
approach). 

The proposed computer-assisted meta-thinking educational model will contribute to provide 
insights on how to model meta-thinking learning activities. In addition, this work has the potential to 
clarify the implicit knowledge encapsulated in teaching techniques exerted by experienced teachers. 

4. Research Methodology

Figure 1 shows the overview of our research. The three objectives described in the previous section 
correspond to Objectives 1 to 3 in the figure. In the following section, we provide an overview of our 
current work which consists in developing a learning environment as the basis of our proposed learning 
methodology. Then, we present future plans of this study in section 4.2. 
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4.1 Building a Learning Environment as a Foundation for Intervention Strategies Model 

We are currently developing a learning environment on which will be implemented the intervention 
strategies model dedicated to foster learners’ metacognitive awareness. 

In this research, we focus on presentation design activities aiming to make others understand 
the target learning domain contents and learning methods, as a self-explanation task to activate 
introspection of learners’ own learning. In general, activities dealing with the preparation of a 
presentation, as well as thinking about what one should explain to the learning partner are not regarded 
as metacognitive tasks, but rather as problem-solving tasks that build comprehension of the partner’s 
understanding. Thus, it can be regarded as an appropriate opportunity for raising consciousness of 
meta-thinking. In order to raise learners’ consciousness on their own learning methods, we adopt the 
slide selection presentation design scheme named PDT (Presentation Design Tasks) proposed by Seta et 
al. (2015). In this learning scheme, learners do not create the presentation slides from scratch, but they 
rather try to design their presentation by selecting the slides they think appropriate from prepared ones, 
and making a pyramidal structure which represents intentions (hierarchical learning goal structure) 
behind their presentation. 

Figure 2 represents the conceptual image of the meta-thinking skills development processes 
through PDT. The learning goals (LGs in Fig.2) of the presentation, such as “make others understand 
why design patterns are proposed in the software engineering field,” are systemized in advance based 
on the ontological engineering approach. Learners gradually design teaching strategies reflecting their 
learning strategies in the form of intentions of their presentation using LGs in a hierarchical manner (i.e., 
from general to specific goals). This task setting is intended to give learners the opportunity to reflect on 
what they think is important to be understood about the learning domain. 

In addition to giving LGs for learners to represent their intentions (learning strategies) behind 
the presentation, we also set machine understandable semantics about the learning domain knowledge 
for associating each LG with slides. Based on these semantics, the system understands what kind of 
explicit/implicit knowledge is included in each slide. Thus, the system is able to capture learners’ 
understanding state and what kinds of knowledge they intend to explain through the selected slides, 
even if the knowledge is implicit and not explicitly written in the slides. The resulting learning 
environment aims to promote learners’ consciousness about meta-thinking by diagnosing their 
metacognitive characteristics based on these semantics, and to trigger their cognitive discomfort 
according to their understanding state and metacognitive characteristics. 

4.2 Repetition of Model Revision and Practice of Ontology-based Teaching Strategies Model 

When instructors prepare teaching materials for the proposed PDT, they not only need to define the 
structure of LGs, but also to annotate the knowledge structure in each slide. To reduce their workload 
during the preparation of materials, and to support the creation of rational meta-thinking teaching 

Figure 1. Overview of this research. 
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Figure 2. Overview of Presentation Design Tasks. 
materials, we plan to develop a learning-strategy-aware authoring system (Objective 2). 

In the literature, multiple theories and concepts mentioning several aspects of learning 
strategies have been proposed, but do not explicitly model how such strategies are interactively related. 
This includes, for example, the goal orientation theory (Dweck & Carol, 1986; Elliot & McGregor, 
2001) that captures strategies sustaining the orientation of the objective setting, the performance of 
cognitive activities, the belief about learning, etc. Thus, we plan to sophisticate our meta-thinking skills 
educational model through repetitive modeling of the relationship among these concepts, learning 
knowledge and teaching strategies using an ontology-based approach coupled with practice in authentic 
higher education settings (Objective 3). Such approach will help us gradually develop and accumulate 
the base knowledge through mid-long term practical operation of the system. This will finally lead us to 
the building of a computer-assisted meta-thinking educational model. 
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1. Introduction

The number of mobile devices in the hands of students is increasing rapidly, but according to a 
survey held in Estonian schools among sixth and ninth grade students, less than 5% of students use 
mobile devices actively in learning processes in a science and mathematics context (Pedaste et al., 
2017a). In a meta-analysis, conducted by Sung, Chang, & Liu (2016), it can be seen that there has been 
many successful attempts to include mobile devices in learning activities. However, the authors also 
conclude that, although the effects of using mobile devices in learning process are even higher than 
using computers, there is a need for a framework to describe comprehensively how to use mobile 
learning in a way that it is most beneficial from the educational perspective. 

Mobile learning or mLearning, which is described by Martin and Ertzberger 
(2013) as: “[...] learning that occurs when learners have access to information 
anytime and anywhere via mobile technologies to perform authentic activities in 
the context of their learning.” (p. 77) 

has many advantages, such as portability, enabling constant access to information, attractiveness to the 
new age group (Hashemi et al., 2011), means for collaborative learning and creating common 
interpretations (Nyiri, 2002; Sharples et al., 2007), as well as providing competition, challenge and 
offering immediate feedback, which is a great tool to keep students working even for difficult problems 
(Ciampa, Gallagher, 2013; Geddes, 2004). 

Researchers have also identified negative aspects of mobile learning, such as potential heavy 
cognitive load (result of improper learning design) (Hui-Chun, 2014), limited screen size (Hashemi et 
al., 2011; Cavus, Ozdamli, 2011) and a lack of a cross-platform makes it hard to create contents for all 
types of devices (Hashemi et al., 2011). It is arguable, if the advantages of mobile learning outweigh 
the disadvantages, but in the situation at hand, where more and more students own a mobile device and 
using them in the learning process seems to be appealing to them, it is justified to try and address serious 
problems in education with the help of mobile learning. 

The specific problem addressed in the current thesis is students’ low motivation and 
achievement in learning science and mathematics. Science and mathematics lessons are often 
uninteresting and non-relevant for students (Potvin & Hasni, 2014; Sjoberg & Schneider, 2010). 
Students also do not see school science as useful for their lives and future developments, since there 
seems to be much repetition and too little challenge (Osborne & Collins, 2001; Abel & Lederman, 
2007). Moreover, international studies such as PISA and TIMSS show that adolescents, in developed 
countries (including Estonia), have especially low motivation towards learning chemistry and physics 
(Teppo & Rannikmäe, 2008). Even students with high cognitive potential for science do not pursue a 
career as scientists, because they lose their interest at school (Krapp & Prenzel, 2011). As a result, 
students’ low motivation is causing a serious problem in the European Union – as young people do not 
pursue a career as scientists, STEM-professionals are gradually becoming elder. More than 50% of 
STEM-professionals (and related professionals) in the European Union are at a senior age (European 
Commission, 2015). 

One way to make studying for students more relevant and interesting is bringing more student- 
centered learning approaches to the classroom. Inquiry-based instruction is one of the most 
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recommended teaching method in the science classroom (DeBoer, 1991). However, planning and 
conducting inquiry-based learning can be time-consuming and often difficult for teachers, so we argue 
that it may be reasonable to use the help of technology – to give teachers a tool for using students’ or 
schools’ devices in learning in a way that would improve students’ inquiry skills. Inquiry skills are for 
example formulating questions, generating hypotheses, exploring theories, planning experiments, 
conducting experiments, interpreting data and drawing conclusions (Pedaste et al., 2015). As research 
conducted in Estonian schools shows, students struggle the most with formulating hypotheses and 
research questions and also with planning experiments (Pedaste et al., 2017b), it is useful design 
learning activities which in addition to increasing students’ motivation, focus also on enhancing their 
skills of formulating hypotheses and research questions and planning experiments. 

Taking all the above into account, there is a need for a framework of how to use mobile devices 
in science and math subjects in order to increase students’ motivation and improve their skills in 
hypothesis and research questions development and experiment planning. 

According to Deci, Vallerand, Pelletier and Ryan (1991), students’ intrinsic motivation is 
related to three aspects: students’ perceived competence, which is increased by better performance 
feedback and choosing optimal challenges for each student; perceived relatedness, which becomes 
stronger when the student is accepted by peers and feels like he or she belongs to a group or society; 
perceived autonomy, what can be increased with offering choices, minimizing controls and 
acknowledging feelings. It is also known in education, that stronger intrinsic motivation leads to 
enhanced academic performance (Deci, Vallerand, Pelletier, Ryan, 1991; Bulent, 2015). Deci et al. 
(1994) also states that meaningful exercises also play a role in motivation. Studies have been conducted 
about motivational factors of gamification where gamification is adding game elements in learning. 
According to Keller (1987), gamification increases the students’ attention through the use of different 
media, raises confidence by offering satisfaction or rewards gained by learner during the process and 
makes learning more relevant to students. Gamification can also provide individual feedback for each 
student, which is also strongly related to autonomy. Keeping in mind the possibilities of mobile phones, 
we concluded, that mobile based intervention should increase students’ intrinsic motivation, by having 
elements of gamification, increase students’ belongingness, offer students choices when completing an 
assignment, give students’ individual feedback and/or include meaningful tasks for students. 

This PhD study is part of a large-scale research project “Smart technologies and digital literacy 
in promoting a change of learning”, which is supported by the Estonian Research Council. The first 
phase of the mentioned study has already been conducted and focused on investigating factors which 
explain, in general, the access and usage patterns of mobile learning technologies (in this context, smart 
phones and tablets) and the potential use of such technologies for learning purposes by STEM teachers 
and students, in particular. The results of phase one form an important base for fulfilling the main goal 
of the current PhD study, which is to develop evidence-based interventions with mobile devices to be 
integrated into science and mathematics classrooms in lower secondary school and testing the 
interventions through a large-scale intervention to provide a conceptual framework for the use of mobile 
learning technologies in science and mathematics learning. 

Based on the goal, four research questions are formulated, put forward as: 
1. How can mobile devices be used in science and mathematics classes in order to increase students’
inquiry skills?
2. How to use mobile devices in science and mathematics classes in order to increase students’
motivation?
3. Does immediate feedback with a mobile device increase students’ motivation?
4. Does immediate feedback with a mobile device increase students’ inquiry skills?

2. Methods

1. Conducting a literature review to identify the characteristics that are important in developing
interventions for identifying the purposes of science and mathematics learning and the potential
role of mobile learning technologies (autumn 2017).
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2. Choosing, evaluating and adjusting appropriate methods (including instruments to measure
learning outcomes) for the role of learning software to be used in the interventions (spring
2018).

3. Designing the interventions in co-creation with teachers, so as to combine best practices and
novel ideas (spring 2017/autumn 2018).

4. Piloting the interventions in schools, gathering information from involved students with the
help of pre- and post-tests, observations and interviews plus from teachers through post piloting
interviews (spring 2017/autumn 2018).

5. Professional development and consultation to engage teachers who are to be involved in the
large-scale studies evaluating the interventions (autumn 2018).

6. Carrying out large-scale interventions in schools using experimental and control groups, data
collection and analysis, enhancement of interventions (spring 2018).

7. Analysis of the results and development of the conceptual framework for using mobile learning
technologies in science and mathematics learning (autumn 2018/spring 2019).

Currently the focus is on improving the intervention according to the information gathered in the pilot 
study. 
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Abstract: Inquiry-based learning (IBL), wherein learning is driven by a student’s inquiry, 
becomes popular in high school in many developed countries. IBL environments are also 
considered as a promising field of learning analytics or educational data mining. Until today, 
many researchers tried various machine learning methods to the process of IBL. However, 
student IBL outcomes written as a text have rarely been analyzed quantitatively. This paper 
aims to quantitatively assess the teaching of IBL via unsupervised machine learning method 
with natural language processing. Here, we propose a novel method for teaching assessment 
with topic modeling. Since educational assessment needs two kinds of information, i.e., what 
teachers want students to learn and how students change, we also plan to calculate the 
correlation between the topic and teacher’s rating and the correlation between the topic and the 
posted year of the documents. In a preliminary experiment, we collected students’ graduate 
theses over 31 years in a high school (N=3,328), we confirmed the tendency that a topic 
evaluated by teachers was also a topic which is popular among students. We think that the 
method of using the topic model applied to a large collection of output texts would be a good 
way to assess the teaching of IBL. 

Keywords: Educational Assessment, Inquiry-based Learning, Topic Model, Educational Data 
Mining, Natural Language Processing 

1. Introduction
Inquiry-based learning (IBL) is an environment wherein learning is driven by a process of inquiry
owned by the student (CEEBL, 2018). Since the Programme for International Students Assessment
(PISA) includes problem-based tasks, inquiry activities and related problem-based tasks belong to a
main educational aim in all developed countries (Dostál, 2015).

IBL environments are also considered as a promising field of learning analytics or educational 
data mining. Until today, some researchers tried various machine learning methods to the process of 
IBL (Vahdat, 2017). However, text-style outcomes such as reflection have rarely been analyzed 
quantitatively on IBL because the data are unstructured and not quantitative style. 

1.1 Motivation 
Even though text as IBL outcomes have complex and qualitative form, we expected that recent machine 
learning techniques, especially unsupervised learnings could automatically summarize the data and 
provide useful feedback to teachers. 

1.2 Literature Review 
Beyond the context of IBL, the research applying natural language processing to student’s learning logs 
are increasing. Taniguchi et al. (2017) and Nwanganga et al. (2015) analyzed student’s ePortfolios and 
applied text-mining method. They counted the learning-related words or measuring emotions from the 
text. Other researchers analyzed the process of IBL in online course activities. Andrade et al. (2018) 
focused on talk and text in online inquiry-based learning and calculated similarity among them by using 
part-of-speech tags. He (2013) focused on the online questions and chat messages recorded by a live 
video streaming system. He applied clustering techniques to them and found major themes in student’s 
question. With regards to offline IBL activities, Ito et al. (2016) focused on weekly reports of students 
and explored the association between learning-related words and student’s self-evaluation score. 
However, there are few studies that used a stochastic language model such as topic modeling on the 
context of IBL. 
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2. Proposed research work
2.1 Preliminary Research Question
As a Ph.D. dissertation work, I will find novel and better way to utilize natural language processing
techniques in IBL. In my first years, I want to focus on topic modeling and propose a new way to utilize
it for student writings.

2.2 Expected Contribution 
This study will expand the scope of learning analytics because currently qualitative data such as student 
reflection are not fully analyzed. Furthermore, this study will also contribute to evidence-based 
education. If teachers know learning log will return useful feedbacks, teachers have the incentive to 
accumulate data on their education. 

3. Proposed Research Methodology
3.1 Tokenizing
We assume that we have a dataset like Table 1. Since Japanese has no separation symbol such as a
“space” between words, sentences are to split into words by morphological analysis. At this point,
high-frequency (greater than 3,000 times) or low-frequency (less than 10 times) words are excluded,
and only nouns are extracted. Finally, we construct a word-document matrix for the next step.

Table 1: Example of the dataset 

Students’ writing Year Rating 
1 “I researched how computers work in our daily life. To 

investigate, I visited some websites …” 
1999 3 

2 “My motivation for research is that my father started having 
back pain last year. I started researching workers’ health 
problems and these are the findings …” 

2011 5 

… … … … 
N “Last year a law was published about people with disabilities. 

I will introduce it as easily as possible. First …” 

2008 4 

3.2 Extracting Topics from Student's Writing 
To extract semantic structures from the text, we use Latent Dirichlet Allocation (LDA) (Blei et al., 
2003), one of the most popular topic models in natural language processing. LDA is also known as a 
useful tool for educational data mining (Slater et al., 2017). 

LDA assumes that each word is generated from categorical distribution (which means topic or 
topic-word distribution φ), and each document has a different topic mixture (which means document-
topic distribution θ). LDA estimates θ and φ. By estimating φ the topic is determined, and by estimating 
θ the topics contained in the documents are revealed. After applying LDA, the dataset reveals data 
shown in Table 2. The number of topics K is arbitrary for the analysis. 

Aside from the number of topics, LDA has two hyper-parameters α and β. α is a parameter of 
Dirichlet prior to the document–topic distribution, and β is a parameter of topic–word distribution. 
Following Steyvers and Griffiths (2007), we set α = 50/K and β = 0.1. The parameters in LDA are 
estimated by Gibbs’ sampling with 2,000 iterations (Griffiths & Steyvers, 2004). We use the “topic 
models” package (Hornik & Grün, 2011) on R to implement the sampling. Each topic is named by 
considering top 10 relevant words in the relevant topic. Relevant words are ranked by equation (1). In 
the equation, w means a word, k means a particular topic, and p(w) means the generation probability of 
word w. 

(
(
|
)
)

10



Table 2: Dataset converted by LDA 

Topic 1 Topic 2 … Topic K-1 Topic K Year Rating 

1 40% 30% … 1% 0% 1999 3 

2 1% 9% … 4% 70% 2011 5 

… … … … … … … … 
N 1% 5% … 50% 2% 2008 4 

3.3 Calculating Correlations and Drawing a Scatter Plot 
Educational Assessment is used to decide what teachers want their students to learn and ensuring that 
students learn it (Suskie, 2018). To investigate which topic teachers evaluated and which topic had been 
popular across years among students, we calculate a correlation between topic allocation and ratings 
and a correlation between topic allocation and years. A scatter plot can be drawn for the topics using the 
correlation with years (how they were popular) as the abscissa and the correlation with ratings (how 
they were evaluated) as the ordinate. We can say that this plot represents the tendency of coincidence 
between teachers’ intentions and students’ learning. 

3.4 Calculating Coincidence between Teachers and Students 
Finally, we examine the correspondence between topics evaluated by teachers and popular topics 
among students. To confirm this, we calculate a correlation coefficient in the scatter plot drawn above. 

4. Preliminary Experiment
4.1 Data
We used 3,328 student research abstracts with teachers’ rating. The data were obtained in a secondary
school in Tokyo. In the studied school, students investigated, as their theses work, questions they 
formulated themselves from their interests. This is identical to open IBL (Bansi and Bell, 2008) because 
the inquiries are not given but formulated by the students. 

Data collection ranges from the year 1984 to 2014 and the rating ranges from 1 to 5. Total number 
of characters in the dataset is about 4 million containing 2,729 nouns. The mean length of the abstracts 
was 1,203 characters, and the standard deviation was 236. Most papers were written in Japanese, but 
three papers quoted English sentences. The English text was ignored due to language unification. 

4.2 Results 
LDA extracted 50 topics from the dataset. Due to limited space, some of the topics are listed in Table 3. 

We calculated correlations of each topic with teachers’ ratings and with years. The results are 
plotted in Figure 2. Each point represents a topic, some of which are plotted with the names. Further, 
we calculated the correlation coefficient from the scatter plot, obtaining r=0.56. 

Table 3. Samples of extracted topics 
Topic name Relevant words (original in Japanese) 
Crime Incident, Crime, Youth, Society, Bullying, Police, Cause, … 
Participation Activities Activity, Participation, Volunteering, Group, High School, International, … 
Investigation Investigation, Inquiry, Results, Reference, Interview, Conclusion, … 
Community Region, Resident, Government, Sightseeing, Popularity, … 
Information Information, Usage, Internet, Spread, Need, Solution, A Lot, … 
Graduation Graduation, Impression, Teacher, Achievement, First, One, Last, … 
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Figure 2. Correlation of topic allocation with year (abscissa) and with teacher’s rating (ordinate) for 
each topic. 

5. Conclusion
From the degree of coincidence value of r=.56, we confirmed that the topics evaluated by teachers and
topics popular among students overlapped. This implies the validity of teaching of IBL can be
quantitatively captured by LDA. It means that the method of using the topic model applied to a large
collection of output texts would be a good way to assess the teaching of IBL. However, while the
correlation of the correlations was relatively high (r > .5), the correlation between topics and years and
the one between topics and ratings were not high (for most topics, |r| < .2 and |r| < .05, respectively). We
should address the issue in the future.
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Abstract: Design of effective solutions to ill structured problems, is a key skill that engineering 
students are expected to demonstrate. However students are daunted by the combination of 
analytical and creative approach required to address a given design problem. Design fixation is 
a widely prevalent problem seen among students. Emphasis on planning and conceptual design 
stage involving divergent thinking, is one of the ways to counter design fixation and bring in 
originality in design solutions. We propose a collaborative learning environment as a means of 
developing divergent thinking skills among undergraduate engineering students. We use 
collaboration, shared visual representation, divergent ideation techniques and restructuring 
thinking patterns as the four main pillars of our divergent thinking learning environment. 

Keywords: Engineering product design, divergent thinking, collaborative learning 
environment 

1. Context and motivation

Engineering design process is complex and includes several activities such as problem scoping, 
generation of alternate potential solutions, evaluation, selection, and prototyping (Dym et al, 2005). The 
uncertain, iterative nature of design that calls for decision making at multiple levels, makes it a daunting 
process to students, hitherto exposed to small structured projects. Consequently, when faced with such 
an open-ended task, students often look for approximate pre-existing solution ideas that are familiar or 
appealing and commit to it without exploring solution space, irrespective of the suitability of the 
solution (Purcell & Gero, 2006). Such fixation often causes students to hit upon snags, which need 
solution patches, eventually making the solution cumbersome, inelegant and ridden with issues (Ball et 
al., 1994). 

The conceptual design stage is one of the early stages of engineering design process where key 
decisions regarding the design problem at hand, is taken. The designer abstracts the requirements and 
searches for suitable solution principles and integrates them into a working structure (Pahl & Beitz, 
2013). In this process, various constraints, desired functionality and structure of the solution is 
considered. Creativity and divergent thinking comes to fore here as the designer does unconstrained 
searches for alternate ways to solve the given design problem. 

At the end of conceptual design stage, the designer has a clear picture of the design 
requirements and a list of working principles to apply towards solving the design problem. Solution 
representation in the form of building blocks, schematic diagrams, flow charts, line sketches and rough 
scale drawings are the key outcome of this stage. The design decisions taken at conceptual design stage 
have far reaching consequences on the success of the design. Any shortcomings with reference to 
solution principles not considered at this stage, may prove expensive to correct at the later stages of 
embodiment design and detail design. It is therefore important to devote considerable chunk of time at 
conceptual design stage, practice productive divergent thinking and come up with a wide variety of 
solution alternatives (Cooperrider, 2008). Students predominantly engage in convergent thinking 
activities (Dym et al, 2005) and are ill equipped to think divergently. Therefore, students require 
explicit training to think divergently in a given problem context. 
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2. Statement of thesis / problem

The broad research problem we are addressing is, "How to develop divergent thinking skills among 
undergraduate engineering students in the context of engineering product design"? Eventually we 
would like to design a learning environment that highlights the importance of divergent thinking in 
design process and supports development of divergent thinking skill among students. Students have 
been known to get attached to early solution ideas (fixation) and prematurely skip to detail design (Daly 
et al, 2012). The feeling of being overwhelmed by design details, insufficiently articulating the scope, 
constraints and assumptions about the design problem and insufficient knowledge and uncertainty at 
different levels are key causes of premature closure of solution search. Students therefore require an 
environment that externally supports them in the cognitively demanding tasks of divergent thinking in 
design. Such an environment should support (a) exploration of design problem and solution space with 
multiple perspectives, (b) a visual representation that enables combination and association of diverse 
ideas and divergent interpretations, (c) divergent thinking facilitation technique (brainstorming) in the 
context of solving engineering design problem, (d) methods to restructure thinking patterns. 

3. Features of learning environment

The strategies used to meet the requirements of a learning environment that supports students' divergent 
thinking process are described below. 
1. Collaboration: Collaboration helps widen the problem and solution space due to the multiple

perspectives that each collaborator brings (Roschelle, 1992). Successful collaboration helps
collaborators build on one-another’s ideas.

2. Brainstorming: Brainstorming as a trigger for divergent thinking, has simple rules such as being
non-judgmental about ideas, focusing on quantity rather than quality of ideas, and building on
others' ideas. It is often used as the first step in collaborative ideation (Rossiter & Lilien, 1994).

3. Concept map as visual representation: In a collaborative ideation process, visual representation of
every collaborator's thoughts in a structured form that evolves as the ideas evolve, facilitate easy
building of ideas. A concept map like visual representation plays the dual role of reducing cognitive
load and making ideas of all collaborators explicit and accessible by structuring, organizing and
representing ideas (Stoyanova & Kommers, 2002).

4. Creativity tools for restructuring thinking patterns: Divergent idea generation requires designer to
uncover new ways of viewing the problem and solution by intuitive associations and systematic
variations (Thompson & Lordan, 1999). Synectics using analogy, check-listing using SCAMPER,
and biomimicry are a few ways to stimulate restructuring of ideas.

4. Design of solution

Our idea is to build a multi-stage collaborative learning environment as an intervention, to facilitate 
productive divergent thinking among a group. In developing the learning environment, we 
operationalized the features such as collaboration, shared visual representation and techniques to aid 
divergent idea generation. The three stages of the intervention are: 
1. Rapid ideation - a time bound activity where participants are mandated with the task of rapidly

coming up with ideas for the given engineering design problem. Participants write down the ideas
on post-it notes. Idea categories extracted from design literature, scaffold ideation process.

2. Linking - participants link ideas to the core design problem, in a concept-map like form.
Participants either randomly pick and link ideas generated during rapid ideation, or generate a fresh
idea or connect ideas already present in the concept-map with a link. This stage continues until no
new ideas are forthcoming and all ideas from rapid ideation have been used.

3. Conceptual design - participants use ideas from concept-map, and individually come up with two
diverse conceptual designs. Participants are instructed to use sketches, block diagrams, or flow
charts to represent their conceptual designs.

During the entire process, collaborators do not interact vocally with one another, to ensure free 
expression of ideas without criticism. Collaboration is restricted to sharing and building on one 
another’s ideas made explicit via post-it notes and the map. 
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Figure 1. The three stages of the collaborative environment 

5. Research methodology

We plan to use design based research (DBR) methodology proposed by Reeves (Reeves, 2006). There 
are four stages in DBR cycle. We are iteratively addressing the first two stages of problem analysis and 
development of solution by referring to relevant work in literature. For the third stage of iterative testing 
and refinement, we have carried out an initial pilot study. We have so far not addressed the fourth stage 
of reflection to produce design principles. 

6. Pilot Study

6.1 Research Question 

There are two main research questions that we want to answer with the pilot study. 
1. In what ways do the different features of the collaborative learning environment influence the

conceptual design of the participants?
2. What is the nature of divergence seen in the alternative designs produced by the students?

6.2 Procedure 

• Participants: We conducted the pilot study with four groups comprising of two dyads and two
triads, from 3rd and 4th year of their undergraduate engineering course.

• Problem statement: “Design a shopping cart to be used in a large mall. The cart should be such
that it identifies and automatically follows the user. It has space to carry a variety of items. The
user can also sit on it and travel around the mall.”

• Materials: Post-it notes, chart paper to draw the concept-map, idea categories card.
• Data sources: Video and audio recording of the concept-map creation, final concept-map,

individual conceptual designs, focus group interview.
• Data analysis: We used ethnographic microanalysis of interaction to analyze in detail the

multiple audiovisual recordings in conjunction with the focus group interview and final
conceptual designs.

6.3 Results 

The final conceptual designs were represented in myriad ways such as block diagram, flow charts and 
prototype sketches. We are still in the process of analyzing the data and student generated artifacts 
towards answering our research questions. The preliminary results towards answering the first research 
question about ways in which that the different features of the collaborative learning environment 
influence the conceptual design of the participants are as below. 
• Development of Divergent thinking - Intervention has been successful in elaboration of design.

However, despite the availability of collaborators ideas, students found it difficult to come up with
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two different solutions. Nevertheless, considering the group as a whole, we could observe 
divergence in the solutions generated. 

• Concept-map representation - The concept-map structure encourages students to explore different
features of the solution but not radically different solution approaches. The solutions are therefore
feature rich but not necessarily diverse.

• Collaboration - In focus group interview, the students claim that the collaboration and concept-map
like representation did help them but this help does not seem to translate to output. Very often,
students continue with their own train of thought and take very few inputs from the other
collaborators.

To answer the second research question regarding the nature of divergence seen in the alternative 
designs produced by the students, we are in the process of developing an evaluation criteria on how to 
evaluate designs for divergence. The divergent thinking tests mostly use fluency, flexibility, originality 
and elaboration as criteria to evaluate divergent thinking (Runco & Acar, 2012). Considering the 
different forms of representation used in presenting the conceptual designs, we need to evaluate if the 
above criteria satisfactorily addresses divergent thinking in engineering product design. 

7. Expected contributions

Our research is focused on improving divergent thinking skills among undergraduate engineering 
students in the specific context of engineering product design. For a student, the outcome of this 
research will help by providing a systematic way to employ divergent thinking while participating in the 
design process. For a teacher, the learning environment can act as the vehicle to encourage students to 
practice divergent thinking during initial stages of design. For researchers, the outcome of research 
could contribute towards a formal method of tackling the elusive quality of creativity in engineering 
design. 
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Abstract: A learner who is sufficiently involved in the learning process will surely show 
higher performance with respect to the objectives set for the process. With detailed planning 
of every miniscule unit of learning in place, focus is entirely on the learner’s engagement for 
successful learning to happen. Engagement prediction has been investigated in various ways 
not only in education but in other domains also. Most of them that involve machine learning 
techniques either use invasive methods or narrowly focus on only one aspect of the learning 
environment particularly if they are using log based measurements. The aim of this work is to 
propose and validate a framework that will be suitable for detecting engagement at a unit level 
of sessions in an online environment. Using machine learning techniques, an engagement 
detector will then be created that will track the tasks under each of the component of this 
framework and depending upon depth of involvement would predict the learner’s engagement 
level. It will not require any special wearable or external instruments like cameras to capture 
the data used for the detection. It will use only the logs from the Moodle platform for the 
activities set up by the faculty for the session and track the activities of the learner for them to 
calculate the engagement level. This calculated index of engagement can then help the 
instructors to take corrective actions so that the learner’s involvement can be increased. 

Keywords: Engagement, Engagement Parameter Framework 

1. Introduction

Engagement is one of the most fundamental aspects that determine the performance of an 
individual in the learning process. It is considered as a major factor that can control high levels of 
student boredom and disaffection, and high dropout rates (Fredricks, Blumenfeld, & Paris, 2004). 
Student engagement refers to the degree of attention, curiosity, interest, optimism, and passion that 
students show when they are learning or being taught, which extends to the level of motivation they 
have to learn and their progress (Great Schools Partnership, n.d.). Student engagement is important to 
study for three reasons (Skinner & Pitzer, 2012): First, it is a necessary condition for students to learn. 
Second, engagement decides student's everyday experiences in school, both psychologically and 
socially. Third, engagement is a critical contributor to student's long term academic development. The 
crux of this study is therefore to perform learning analytics on the learner's trail over the Moodle 
course to track the level of engagement. Engagement measurement has been attempted in several 
ways. Self-reporting is the most widely used, wherein questionnaires are administered and the 
students themselves have to choose from options provided or answer to the questions that try to judge 
the engagement level. Some other quite common methods similar to these include teacher rating or 
field observations etc. (Fredricks & McColskey, 2012). These methods suffer from restrictions like 
biasing, false reporting and being un-scalable to use in every learning environment. The other type of 
detection technique involves tracking through external devices like webcam that can be used for eye 
tracking or for capturing face, body posture and hand gestures (Grafsgaard, Wiggins, Boyer, Wiebe,  
& Lester, 2013). These require hardware that needs to continuously run to track the activities and  
need the learner to be screen tied use a number of assumptions that may not be always true (Miller, 
2015). Another type of external device controlled technique includes physiological sensor that capture 
features like EEG, blood pressure, heart rate for prediction (Chaouachi, Chalfoun, Jraidi, & Frasson, 
2010). A more recent method is of automatic inference of the engagement level through the logs of 
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the learner created in online environment (Gobert, Baker, & Wixon, 2015; Ramesh, Goldwasser, 
Huang, Daume, & Getoor, 2014). The current work also falls in this category of research. The first 
problem that is seen during the investigation in the literature of these studies is that most of them lack 
theoretical background and are either based on intuition or on patterns that emerge from data. Next 
these are found to be restrictive in terms of either the features used for detection or the domain in 
which they are used. In some of them, though they claim to capture wide range of activities, finally 
only the time aspect of these activities is used (Gobert et al., 2015). Keeping all these issues in mind, 
first a conceptual framework is derived based on the theories of engagement. Next features under each 
of the components of this framework that can help to identify the engagement level are developed. 
These features are not restrictive and would be coming from all the activities setup for the session. It 
is proposed that this engagement level is tested by comparing with human observers that would code 
the logs of each learner to establish ground labels and then used for supervised learning. 

2. Related Work

Engagement detection using logs of Moodle platform has not been studied widely. One of the
studies, which this work relates to, is described in (Liu, Richards, Dawson, Froissard, & Atif, 2016). 
In this the authors have used an algorithm to first determine optimal parameters of engagement, 
restricted to only three indicators namely assessment, forum, and login. The algorithm calculates the 
parameters and weightings, starting with some initial guess that is improved by maximizing the 
inverse correlation between total risk rating and final course grade for each student. These algorithm 
derived ratings were compared with the ones calculated by teachers based on their experience by 
conceptualizing what they expected of a good student. However the current work differs with this 
work in two aspects. Firstly, there is no constraint on the indicators; all activities set up by the 
instructor will be used. Secondly, there will be no human intervention in these predictions as the job 
of the instructor will be only to take corrective action after the prediction is over. Another recent 
related work is that of Analytics Moodle API (Dalton & Monllaó, n.d.) that comes bundled in Moodle 
3.5. This is very close to the proposed research work as this API also allows selecting indicators for 
required target and uses analytics to display the results for the course for each learner. It then suggests 
a few corrective actions to the instructor to help the learner to overcome their specific difficulty. One 
of the limitations that has not yet been taken care of is that engagement during session is not targeted 
in this version although it is flexible enough and can be set by the Moodle site manager but requires 
good programming skills for the same. Other limitation is that it allows only binary classification. 
Although the current work like this API proposes to have a specific target that is engagement level, it 
will allow a broader range of indicators to be included. Also it will be using multiclass classification. 
Another difference that arises at this moment of time is that the Analytics API currently defines target 
for overall course, however the proposed research is aimed at lower unit level of learning i.e. 
engagement in a session. Nonetheless this work can be viewed as extension over the Analytics API as 
it will serve as the basis by providing the interface for data collection and analysis to some extent. 

3. Proposed Research

3.1 Engagement Parameter Framework 

The current research work aims to propose and validate a framework referred to as 
Engagement Parameter Framework (EPF) shown in fig 1. The sessions will constitute of tasks that 

RELATE CREATE 
& AUTONOMY 

DONATE 
& PURPOSE MASTERY 

Figure 1. Engagement Parameter Framework 

Engagement Parameter Framework 
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will incorporate the features from each of the components of the EPF that will play the role of 
indicators for the detection. These indicators revolve around the four main components, namely a) 
Relate, b) Create and Autonomy, c) Donate and Purpose, d) Mastery. This proposed framework takes 
into consideration three principles from engagement theory (Kearsley & Shneiderman, 1998) and the 
three motivational factors (Pink, 2011). Its components are then formed by merging those that show 
significant overlap whilst retaining intact those that do not have anything in common. First component 
combines create and autonomy. Create as defined in the engagement theory is defined as the freedom 
given to learner to come up with some realistic problem and apply their ideas to solve the problem. 
The autonomy as a motivational factor also indirectly implies the same, where the onus of shaping the 
learning activity to fulfill the learning objective is passed onto the learner and refers to higher level of 
Bloom’s taxonomy (Bloom & Others, 1956). Several tools of Moodle like simulators, virtual labs, 
choice, and database help to achieve these. The next component that is formed from amalgamation of 
two concepts is donate and purpose. Donate principle of the engagement theory focuses on the value 
of making a useful contribution while learning. The purpose motivational factor can be extended to 
learning context in a similar way and would mean framing activities that would involve some pro- 
social tasks which can motivate the learner to contribute towards greater cause (David S. Yeager et  
al., 2014). The features like Forum, Q&A, chat etc. can be used for this constituent. The Relate 
component added to the framework is derived from the engagement theory. It is expected that tasks 
that demand collaboration can inspire the learners to participate with higher interest (Ryu & 
Lombardi, 2015; Vygotsky, 1980). Some of the instructional tools from Moodle that allow 
collaborations may include forums, emails, chat etc. Lastly the fourth component, Mastery is the 
motivational factor that will help to increase the engagement level by devising activities that will push 
the learner towards the learning objective. Such activities need to provide space for the learner to 
practice several times, play around the system, review their technique and then improve in each  
round. A learner who is passionate about improving his skills will unquestionably be engaged in the 
learning environment. To provide such opportunities, progress bar, badges, leaderboard etc. can be 
used. The current research work has reached till the stage of devising of this framework and the next 
steps, yet to be taken are discussed in the sections. 

3.2 Experiment and validations: 

The process of designing an engagement detector begins with categorizing the activities that 
can help detect engagement into the four components. This will be done through literature study and 
by asking experienced faculty through questionnaire. Next for each indicator, value assignment will 
be designed. The value will be assigned in two ways. For each learner each time any activity is 
accessed will result in assignment of +1 value for that activity for that learner. Next within that 
activity as the learner accesses further features this value will get incremented. For example, accessing 
a forum by learner will result in first value assignment while in forum if the learner continues to use 
other features like posting query, replying, up voting or down voting will result in increasing the 
initial value each time. After this phase, planning of sessions on Moodle by picking up appropriate 
activities will be done. The sessions will be conducted and the first round of dataset consisting of 
values for each indicator for each learner will be collected. This dataset will be subjected to 
unsupervised algorithms like Expectation–Maximization (EM) Clustering using Gaussian Mixture 
Models (GMM), Agglomerative Hierarchical Clustering, etc. to identify strong indicators. The data 
clips from the same dataset will be used to code the strong indicators by human observers. The 
comparison between the human coded and clustering algorithm indicators will help to identify the 
best features that can help to detect the engagement level. The model of indicators and engagement as 
target will be embedded in the Analytics API and checked for accuracy. The important aspects that 
will be investigated are whether adding of this framework to categorize the activities is helpful or not 
by comparing Moodle sessions with and without this framework and checking the relation between 
engagement level detected and performance of the students over the session objectives. If strong 
correlations are established between the indicators and the engagement levels then the model would 
be promoted using supervised algorithms for future predictions. Response time within the lowest level 
of activities that serve as indicator could be used for further analysis of engagement detection. It is 
also intended to identify the best machine learning algorithms for such learning analytics. 
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4. Conclusion

This research work offers to establish engagement detection techniques based on sound theory
that could be used by the instructors to monitor the engagement of learners and provide them with 
necessary help during the session. It recommends using well established factors that help to increase 
the involvement of the learners and thereby improve their performance. The aim is to investigate the 
construct and identify the best indicators to help detect it. The study will help to identify relation 
between the logs of the learner’s activities and their engagement. It will also bring out the best suited 
machine learning technique for learning analytics. 
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Abstract: Studying automata theory exposes the students to the theoretical foundation of 
Computer Science where they learn abstraction, generalization, and reasoning. However, 
teaching and learning automata is challenging because of the involved abstract notions and 
mathematical background. Many students experience difficulty in understanding the 
computability concepts. Recent advances in teaching the course focus on the development of 
different pedagogical tools that can be used to facilitate the learning of automata theory and 
formal languages. Developments of tutoring systems for automata, like simulators, are 
continuously advancing. Fundamental efforts on features of automata simulators, based on the 
open literature, are focused on the following: visual creation, animation, conversion 
(transformation), interaction, logs generation, and saving and exporting facility. They do not 
support customization based on learners’ performance in the tutor environment, like provision 
of individualized learning path and feedback. While these existing tutors  facilitate  teaching 
and understanding of the concepts, they do not focus on identifying whether learning is 
achieved. 

Another factor that mediates student achievement is goal orientation. This theory 
suggests that students’ behavior and response to the learning environment are guided by goals. 
Some students are performance-oriented while others are mastery-oriented. These personal 
goals interact with the learning environment, sometimes referred to as classroom goals. How 
these classroom goals align with students’ individual goals can have an effect on both a 
student’s achievement and learning experience. 

Hence, the first goal of this study is to augment the capabilities of an automata 
simulator to characterize Intelligent Tutoring System (ITS) that is driven by a learner model to 
support individualized learning path, feedback, and support. The second goal of this work is to 
include features in the ITS that are intended to cater to the different achievement goal 
orientations of learners. The last goal would be to determine relationships among learners’ in-
tutor behavior, their goal orientations, and learning. 

Keywords: teaching automata, achievement goal orientations, intelligent learning system, 
automata simulator 

1. Motivation and Related Literature

Automata theory is the study of abstract computing devices, or "machines" (Hopcroft, J. E., Motwani, 
R., & Ullman, J. D., 2001). It deals with the definitions and properties of mathematical models of 
computation (Sipser, 2006; Kari, 2011) like Finite State Machine (FSM), pushdown automata (PDA), 
and Turing machine (TM). These models play important roles in several applied areas of computer 
science. They are vital to the understanding of how computer works (Sakarovitch, Thomas, & 
Thomas, 2009) as they are also used to model many different kinds of systems (Denning, Dennis, & 
Qualitz, 1980): digital circuits, human nervous system, mathematical systems, text processing, 
compilers and hardware design. Theory of computation allows practice with formal definitions of 
computation while introducing concepts, which are relevant to other non-theoretical aspects of 
computer science (Sipser, 2006). 
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Studying automata theory exposes the students to the theoretical foundation of Computer 
Science where they learn abstraction, generalization, and reasoning. However, teaching and learning 
automata course is challenging because the subject matter tends to be abstract and mathematical 
(Goya & Sachdeva, 2009). Hence, recent advances in teaching the course focus on the development of 
different pedagogical tools that can be used to facilitate the learning of automata theory and formal 
languages (Chakraborty, Saxena, & Katti, 2011). 

Simulators are among the tools developed to help teach and learn automata. Chakraborty, et al 
(2011) presented a summary of five decades of automata simulators, facilitating the teaching and 
learning the abstract computational concepts of automata and formal languages. Automata simulators 
(Grinder, 2002; McDonald, 2002; Hamada, 2013) usually support visual creation of state machines, 
animation, conversion (transformation) of one computational model to another computational model 
(e.g. non-deterministic FSM to deterministic FSM), and interaction. These features enhance learner 
comprehension and contribute to a more positive learning experience. 

Figure 1. FSA Simulator environment (Grinder, 2002). 

Another factor that mediates student achievement is goal orientation (Svinicki, 2005). Goal 
orientation refers to the motivation behind students’ choice to engage in (academic) work (Anderman, 
2015). This theory suggests that students’ behavior and response to the learning environment are 
guided by goals. Some students may be motivated to earn good grades. These students are said to 
have a performance goal orientation. Others prioritize obtaining a better understanding of the course 
and the development of their own expertise. These students are said to have a mastery goal orientation 
(Mattern, 2005; Pintrich, 2000). 

Table 1 
The 2 x 2 achievement goal framework 

Mastery Performance 

en
ce

 

Approach Mastery-approach goal Performance-approach goal 

V
al

 

Avoidance Mastery-avoidance goal Performance-avoidance goal 

Table 1 shows the 2x2 achievement goal framework (Elliot, 1999; Elliot & McGregor, 2001). 
Mastery-approach individuals are interested in becoming proficient in an academic task. Mastery-
avoidance people, on the other hand, are focused on avoiding misunderstanding the task or avoiding a 
mistake that happened in the past (Van Yperen, 2003; Van Yperen, 2006). Performance-approach 
individuals are interested in demonstrating that they are more proficient than others. Performance-
avoidance individuals try to evade from appearing incompetent or stupid (Anderman, 2015). 

These personal goals interact with the goals of the learning environment, sometimes called 
classroom goals. A teacher may give emphases on self-improvement to increase mastery and self-
comparisons (mastery goal), or the emphasis is on competition, grades, and outperforming others 
(performance goal). How these classroom goals align with personal goals can have an effect on both 
student’s achievement and learning experiences. 
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2. The Problem

This study attempts to address two problems. First, existing automata tutors typically focused only on 
building technical features like models supported, visualization, and animation. They do not support 
customization in the tutor environment, like provision of individualized learning path and feedback. 
In addition, while these existing tutors facilitate teaching and understanding of the concepts, they do 
not focus on identifying whether learning is achieved. Hence, one of the main goals of this study is to 
augment the capabilities of an automata simulator to characterize Intelligent Tutoring System (ITS), 
which is called Intelligent Learning System for Automata (ILSA).  It would embed a learner model 
for the system to keep track of the learner’s in-tutor performance. ILSA also aims to provide 
individualized learning path, feedback, and support. This study will also attempt to measure  
indicators of learning. 

Second, students in a classroom setting carry different achievement goal orientations. Having 
different goal orientations among students makes it challenging for any teacher to cater all students’ 
needs. Hence, this work will incorporate features for the ITS that provide for the different 
achievement goal orientations of learners. 

Specifically, this study seeks to answer the following questions: 
1. How does the learning model manifest in ILSA?
2. What ITS features are aligned with achievement goal orientations in ILSA?
3. How do the different types of learners actually utilize and respond to the system features?
4. How does the performance of learners in ILSA relate to actual learning outcomes?

3. Significance and Potential Contributions

First, this study addresses the limitations of the existing automata tutors that focus only on 
visualization and simulation while lacking on the implementation of adaptive tutoring feature. A 
tutoring system that is characterized by a learning model will be developed. The system somehow 
keeps track of the learner’s performance while interacting with the tutor.  It demonstrates flexibility 
by providing individualized learning path and feedback, which current simulators don’t. 

Second, a comprehensive literature review did not yield any findings regarding the study of 
achievement goal orientations in the area of teaching automata theory. 

Lastly, earlier studies lack empirical efforts to assess whether learning has really taken place 
by using a simulator. This study addresses this concern by supporting logs to events and actions 
performed by the learner while using the tutor. These recorded events and actions will be used to find 
out indicators of learning. 

4. Proposed Methodology

Generally, the study will follow the following steps below: 
1. Build the intelligent tutor, ILSA, with features that would appeal to the different achievement

goal orientations;
2. Profile students according to their achievement goal orientation;
3. Test the software with students.
4. Perform analyses on students’ actual in-tutor behavior and performance to determine the features

utilization across learners’ achievement goal orientations;
5. Depending on the initial result, system may undergo revision then iterate back to #3.
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4.1 Progress and Status 

The ILSA has already been developed and underwent usability testing. Revisions are on-going based 
on the usability test results and suggestions. Next step will be the conduct of the study to target 
respondents from Philippines and India. Then, follows the analysis and interpretation of results. 

4.2 ILSA Candidate Features 

Based on the definitions of mastery and performance goal orientations, two (2) general categories of 
features were used in ILSA: Scaffolding Features and Competitive Features. 

Table 2 

ILSA Candidate Feature 

Feature Description 
Hint Suggestion or a tip directing to the correct answer. 
Glossary Comprehensive discussion about the topic. 

Scaffolding 

Competitive 

Simulations Exercises related to the current practice opportunity. 
Extra Challenge Additional practice opportunity. 
Peer Reference Other students’ answers of a given practice opportunity 
Rank / Leaderboard Rank of the student vs other students who are in-tutor. 
Badges / Ribbons Reward for answering within the time threshold. 
Scoreboard Total points. 
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Abstract: Exploiting the synergies of computational thinking and STEM domains has 
proven to have significant pedagogical benefits, supporting learning with understanding in 
STEM that is active and engaging, while also providing for the development of 
computational thinking (CT) concepts and practices. Proliferating the applicability of this 
form of learning to more classrooms requires a systematic approach to system, curriculum, 
and feedback design that targets key domain learning objectives and personalizes learning 
for a variety of student abilities in the context of traditional STEM classrooms. This 
proposal outlines one such approach with the goal of developing a learning-by-modeling 
environment to support effective and inclusive opportunities for synergistic learning. 

Keywords: Learning-by-modeling, synergistic learning, CS for All 

1. Introduction

Computing knowledge and skills provide the foundations for modern competency in a multitude of 
STEM-related fields. The practice of modeling is fundamental to science and research has shown that 
programming and computational modeling can serve as effective vehicles for learning challenging 
STEM concepts (Basu, Biswas, & Kinnebrew, 2017). This importance on model- and inquiry-based 
instruction has been further solidified by the Next Generation Science Standards (NGSS Lead States, 
2013) as a means of engaging students in more authentic science and engineering practices. In 
addition, in an age driven by technological advancement and globalization, there is increased 
recognition that students need to learn computational thinking (CT) to become creators, and not just 
consumers of the next wave of computing innovations (Wing, 2006). Harnessing the synergies of CT 
and STEM has the potential to bring about a fundamental change in the way learning occurs, offering 
a means of integrating computation into existing curricular applications. This provides us with a 
unique and timely opportunity to develop computer-based learning environments that leverage the 
synergies between STEM and computing education, and bring a learning by modeling and problem- 
solving approach to support learning with understanding that is active and engaging. 

The introduction of foundational computational constructs into current classroom 
environments can be challenging (Grover & Basu, 2017). Traditional STEM classes are required 
throughout K-12, resulting in classes containing a variety of student abilities in the STEM domain and 
relevant prior knowledge for the application of computation through constructs such as computational 
modeling. Integration of these constructs into introductory STEM courses may further exacerbate 
difficulties that students have when working in coupled domains (Basu et al., 2016). Moreover, given 
the general lack of computer science (CS) standards, teacher certification processes often do not 
require CS backgrounds, limiting potential integration of synergistic learning applications due to an 
increased need for teacher training and resources for such an application. Careful consideration must 
be given to address these limitations to not only limit impact, but to also promote inclusive learning. 

This provides the framework for my research on the development of adaptive, learning-by- 
modeling environments aimed at providing effective synergistic learning opportunities to K-12 
students in order to address a small number of the difficulties described above. To do so, key research 
questions include: (1) What are the key design and development approaches for the development of 
adaptive, learning-by-modeling environments?, (2) How can we extract or identify the processes of 
how the learners acquire CT concepts and practices, STEM concepts and practices, and modeling and 
problem-solving skills in a visual, learning-by-modeling environment?, and (3) How can those 

25



processes be used to develop learner models and adaptive feedback to support more personalized, 
synergistic learning opportunities? This work will be used to support secondary topics that include: 
(1) aiding teachers in classroom integration of synergistic learning-by-modeling environments in their
classrooms, and (2) ensuring the scope of this work is inclusive, especially for girls, as a means of
promoting equal engagement and opportunities to learn skills that are instrumental in the 21st century
job market.

2. Theoretical Framework

2.1 Learning by Modeling as a Framework for Synergistic Learning 

The potential to acquire synergistic learning of STEM and CT can be achieved by getting students to 
construct computational models of scientific processes. The visualization of an object(s) behavior 
evolution using simulations simultaneously with model building (i.e., code generation) through the 
knowledge of equation-based models may allow for a deeper understanding of the fundamental STEM 
concepts (e.g., position, velocity, and acceleration in physics or ecosystem phenomena such as 
phenomena such as evolution, natural selection, and population dynamics in biology). In addition, 
advancements in modeling environments allow for the use of domain specific modeling languages 
(DSMLs) implemented using block-structured constructs (Jackson & Sztipanovits, 2008; Maroti et al., 
2014; Hasan & Biswas, 2017). DSMLs not only provide relief from the burden of learning the syntax 
of programming languages, but they allow for a deeper focus on CT concepts and practices, such as 
use of abstractions to define and characterize phenomena, systematic algorithm generation, use of 
variables, their initialization and update functions, and debugging and refinement to build correct and 
complete models (Grover & Basu, 2017). Moreover, the implementation of DSMLs centered in the 
STEM domain affords students the ability to develop solutions expressed in the concepts and 
practices of the target domain (Hasan & Biswas, 2017). Finally, the ability to execute models in real 
time to observe behaviors generated from their model allows for immediate feedback to students, 
extending a level of reasoning and inquiry that may not be applicable in traditional, equation-based 
modeling. These affordances provide a framework for synergistic learning that has proven to be 
effective in increasing learning gains in STEM and CT (Hutchins, et al., 2018; Basu, et al., 2016). 

2.2 Adaptive Scaffolding for the Classroom 

Scaffolding describes pedagogical support that is calibrated to a learner’s current level of 
understanding and helps the learner accomplish tasks that he or she could not accomplish alone 
(Wood, Bruner, & Ross, 1976). The original notion of scaffolding assumed that a single, more 
knowledgeable person, such as a parent or teacher, would help an individual learner, providing 
exactly the help he or she needed to move forward (Bruner, 1975). However, in classrooms where 
students engage in solving ill-structured problems, instead of a single tutor providing many forms of 
support, multiple tools and practices are now used to scaffold learning. Each tool may be designed to 
support a specific task or multiple tools may support a single task through a distributed scaffolding 
system (Puntambekar & Hübscher, 2005). In the context of synergistic learning for STEM 
classrooms, adaptive scaffolding will be implemented to support learning gains in both the STEM 
domain and CT. In addition, to support efforts to limit classroom difficulties described in the 
introduction, the classroom teacher can use information gained from the implementation of adaptive 
scaffolding tools to support more personalized teaching approaches. 

2.3 Inclusive CT Learning - Bringing Girls to the Table 

While enrollment in computer science programs have largely increased recently (Kurose, 2015), the 
percentage of female graduates still significantly lags their male counterparts (Google for Education, 
2014). Notwithstanding the progress made towards addressing the underrepresentation of women in 
computing, more effort needs to be made to understand the behavioral and scholarly patterns of 
secondary school students that affect their choice of degree programs and eventual career paths. 
Significant research has been conducted to improve girls’ participation in computer science. Most 
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applicable for this study is that girls have shown to benefit from assignments that highlight the 
relevance of computing tasks to other disciplines (Vekiri, 2013). In addition, while stereotypes have 
negatively affected girls’ interest in computer science, Stout and Tamer (2016) found that 
collaborating while learning in CS helped lessen the negative impact of stereotypes. As such, this 
research aims to incorporate gender-related analysis in the hope of generating tools and processes that 
support increased female engagement. 

3. Research Methodology

3.1 System Design and Implementation 

Bransford et al.’s (1999) seminal synthesis How People Learn recommends that formal learning 
environments that aim to foster conceptual understanding need to align four primary perspectives: (1) 
learner-centered, (2) knowledge-centered, (3) assessment-centered and (4) community-centered. To 
follow these perspectives, a design-based research approach is being utilized for the development of 
the technology, including the component tools and scaffolds needed to appropriately personalize 
synergistic learning in the classroom context. In order to incorporate the goal of classroom-based 
design, this approach considers the presence and content knowledge of the teacher, as well as the role 
the learning environment would play as part of the complete classroom unit - from the learning needs 
of different types of learners and the resources the teacher needs to manage the classroom to the 
technology capabilities of the class environment (e.g. WiFi capabilities). 

3.2 Data Sources and Analysis 

In order to analyze the role the learning environment played in STEM and CT learning gains for 
students, instruments will be developed to target strategies of participating students. These 
instruments include the development of pretests and posttests as well as embedded, formative 
assessments on CT and applicable STEM domains developed through an evidence-centered design 
(ECD; Mislevy & Haertel, 2006) approach. ECD is integrated into the design-based research as a 
means of targeting key educational standards in the STEM and CT domains and coordinating 
effective curricular implementations of those standards. Finally, student actions on the environment 
will be logged, including tools used and code-development processes in the modeling environment. 

Student learning gains will be assessed through an evaluation of the formative and summative 
assessments described above. These assessments will be evaluated in coordination with the log file 
analysis to provide a deeper understanding of the effectiveness of synergistic learning opportunities in 
our system. The log file analysis process consists of a three-part implementation process. Log file 
analysis will initially be used to support: (1) the identification of CT practices that support and aid in 
model development, (2) applications of STEM knowledge or misunderstandings that are reflected in 
model development, and (3) the coordination of CT practices with the use of STEM domain concepts 
and relations to develop computational models and solve problems (e.g., appropriate use of operators 
to simulate STEM phenomena). Following this analysis, a preliminary adaptive feedback framework 
will be designed, implemented, and analyzed in coordination with the classroom teacher(s) to provide 
students with feedback as they build their models and to return needed student progress information to 
the classroom teacher. 

4. Initial Results and Implications

At this time, pilot studies have been completed utilizing a physics curriculum and a marine biology 
curriculum. In addition, a semester-long, empirical classroom study was conducted in the Fall of 
2017. Results indicate that our synergistic, learning-by-modeling approach provides for learning gains 
in both the STEM and CT domains (Hutchins et al., 2018; Basu et al., 2018), and when compared to a 
control group (utilizing traditional classroom instruction and lab work) students utilizing our 
environment show significantly higher gains in the STEM domain and in CT than those not using the 
system. This work is being used to target student computational and problem-solving processes to 
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better understand synergistic learning actions that supported these gains and to improve our logging 
efforts to ensure we are capturing all needed data. 

In an age driven by technological advancement, we have been tasked with the development of 
educational tools and curriculum that ensure students are best prepared for the 21st century workforce 
and lifelong learning (Sengupta et al., 2013). This research will provide for a better understanding of 
how to evaluate CT concepts and practices, computational modeling and problem solving via 
simulations, and the role synergistic learning opportunities can play in established STEM classrooms 
through the development of learner models and adaptive feedback based on student performance. 
Finally, as highlighted throughout this proposal, the application of this environment is meant for 
traditional classroom settings given potential setbacks in the prior knowledge of the teacher, 
classroom limitations. Through classroom implementations and coordinated design with teachers, this 
research aims to provide feedback to the teacher on student performance aimed at better supporting 
teachers for a more generalizable approach to synergistic, learning-by-modeling for a variety of 
classrooms. 
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