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Abstract: Problem-based learning (PBL) encourages leareesduire new knowledge
through cognitive model development and hypothesshiction process. Graphical
modeling tools, such as concept map, can help desrto exteriorize the process of
knowledge construction and visualize learner's itivgn model to support meaningful
learning. But few of those tools integrate hypoikiesasoning mechanism into the process
to support the discovery of knowledge deficienaed foster in-depth reflection. To that
end, this paper proposes a novel graphical topgrational concept mapOCM), for
supporting the PBL. In OCM, it combines the menfsconceptual modeling tool and
computer-based simulation. The OCM not only insealt basic functions of concept map,
also facilitates the learning-by-doing approach fiooblem solving. Application of the
proposed idea is illustrated in learning a wellknasort algorithmpubble sortin the sort
problem.

Keywords: Problem-based learning, Concepts map, Operatommedepts map, Simulation,
Learning by doing.

Introduction

Problem-based learning (PBL) has been seen astae &arning approach to promote
meaningful learning [1, 2]. This active approaclcairages learners to acquire new
knowledge through an iterative hypotheses-dedugti@mtess when solving a problem.
During the process, a learner analyzes the probieidentifying key fact with the problem
scenario, proposing hypotheses and solutions, waldating the hypothesis by monitoring
outcomes of the solutions. Among this process,arebeshows that the development of
cognitive model and the evaluation through expentmean help a learner to identify the
key concepts and evaluate the hypothetical relghipnamong these concepts [3, 4].

Cognitive model [5, 6] is a representation of ledgments with relationships among
these elements in the specific phenomena or kngeléd/hen solving a problem, cognitive
model can provide a learner with reference framé&wor facilitate the thinking of a
problem[7]. Some graphical modeling tools, suclt@scepts map[6], have demonstrated
their usefulness in construction of learners’ cgaimodels. With a concept-mapping tool,
a cognitive model can be represented as a wellhorgd graphical map composed of verbal
and symbolic elements. This useful tool providedfstds to assist a learner to develop and
represent the structure of knowledge as persorlittee model regarding a problem or
topic [8].

While, in problem solving, it often requires anear to reflect and then refine his/her
own cognitive model by iteratively evaluating thede!’s effectiveness, the mechanism for
evaluating hypothetical relationship among key emis to facilitate learning by
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experimenting is seldom integrated with a concegpping tool. To this end,
computer-based simulation[9] seems to provide afr@mment in which the learners can
evaluate their hypotheses by experimenting. Theulgition functions assist learners to
develop critical skills including identify key coepts of a problem, generate hypotheses,
and propose solutions for the problem[10]. Thesauktion environments not only
facilitate the development of cognitive model byakesating hypotheses, but also provide
learning goals for learning by doing activities.sBd on the necessity of evaluation
mechanism of graphical modeling tool and the ndéddasning by experimenting in PBL,
this paper proposes a novel graphical tool, nameérational concept magOCM), which
incorporates the basic functions of concept magh waidditional hypothesis evaluation
mechanism. The intent is to foster effective probkolving through developing cognitive
models and evaluating hypothesis in a computerebsiseulation environment.

The remainder of this paper is organized as fald®ection 1 introduces a conceptual
framework of OCM. In this framework, learners camstruct a knowledge model with
hypotheses-reasoning mechanism. Then, SectioncBiloles how the OCM can enhance the
process of PBL. In this section, we present an @aio illustrate how the OCM can be
applied for learning the concept of bubble sothm sort game followed by a conclusion in
Section 3.

1. Operational Concept Map
1.1 Overview

Operational concept map (OCM) is a graphical modeltool for organizing and
representing knowledge with deductive-reasoninghaeism. An OCM is composed of
concepts, hypothesis links among these conceprapositions. Firstly, concepts, which
are enclosed in circles as shown in Figure 1, aregived regularity in events or objects, or
records of events or objects, designate by laleelo&dly, the hypothesis link, indicated by
rectangle with round corners and several connedingg linking concepts, is a possible
causal relationship among these concepts. Eacltdintains a hypothetical statement that
describes nominal, logical or mathematic formulagioFinally, a proposition contains one
hypothesis link connecting two or more conceptdaion a meaningful statement. To
implement hypotheses-reasoning mechanism, eaclatapeal concept and corresponding
hypothesis links in OCM are bound with specific aeproblem instances. These problem
instances are collected to provide real world pobtata that helps learners to evaluate the
effectiveness of an OCM. Then, learners apply dbffesets of problem instances to ensure
the satisfaction of hypothetical statements in liyesis links.

Hypothesis Concept
Link B D

Concept Hypothesis Concept
A Link A B

Figure 1. A simple operational concept map

1.2 Key Features
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1.2.1 Development of cognitive model and hypothesaisiation

Like concept map, the OCM assists learners to parate new information into the
relevant concept framework of which they have ayebuilt when a learner generates
his/her cognitive model for a problem. The OCM Isethe learner to identify general
concepts held by the learner prior to instructiod an more specific concepts, and anchor
the new knowledge into the conceptual frameworkrédeer, the relationship among these
key concepts in OCM represents not only the semaatationship, but also the rule of
constraints. The rule can be represented as a matteeformulation, such as “A=B+C, or
logical representation, such as “IF A > B, then #aB)”. For hypothesis evaluation,
hypothesis links represented as a constraint servenly as semantic description of model
to be simulated, but also as rules telling thataterconditions must be satisfied [11-13]. A
learner maintains the satisfaction of their hypsiheonstraints by iteratively revising their
problem cognitive models. Moreover, in OCM, thetjustime feedbacks of hypotheses
evaluation are offered immediately as simulatioricomes. A learner refines his/her
cognitive model according to the just-in-time feadks.

1.2.2 Construction process of OCM

The construction process of OCM is one kind of edbzing internal and hidden mental
model. Some kinds of modeling process [14, 15]itate the learner to construct cognitive
model with verbalizing and writing. But, in thisqmess, OCM is an external memory tool to
facilitate the cognitive process by visualizing. cBase the thinking process of
problem-solving is represented as organizationooicepts and hypothesis links in OCM,
the simulation then can not only facilitate the lexgtion of what-if situations and also
support the hypothesis-reasoning process for ityamgi the knowledge deficiencies.
Finally, the visualization with graphical cognitiveodel facilitates this constructive process
with guidance of what to do and how to do.

2. Application of OCM to learn a concept of Bubble sorin the sort problem

To demonstrate the application of OCM in supporf)., a well-known learning issue in
an introductory college computer science coursestht problem, is adapted for this study.
A learner will learn various sort algorithms tos®the sort problem. In this example of sort
problem, the bubble sort algorithm is chosen bex#us a simple algorithm that compares
each pair of adjacent items and swaps them thrthaghst to be sorted until no swaps are
needed. Figure 2 displays the role of instructarlaarner played in the process of applying
the OCM in the sort problem.

Instructor Learner Learner

Deve}gp Apply

Problem New

Knowledge

Analysis

Figure 2. The process of applying the OCM in the game.
2.1 Analyzing problem scenario by Instructor
In order to apply OCM to sort problem, the instandtas to analyze a problem scenario at
first. In the example of sort problem scenario,rfealues are randomized and placed

individually in the four cells in sequence. A learimas to sort this set of values in ascending
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order. The instructor has to analyze this problendéntify the key concepts and possible
relationships among these key concepts. In thig,dhge key concepts are the position of
each cell. Therefore, the instructor uses fourscaflarray B to represent the key concept.
So, in the figure 3, these key concepts (the fells of array, B(1) to B(4)) are included in

the Concepts Repository for learners to constroetr town OCMs, and the Simulation

Panel will represent the sort process and resuhisfarray for evaluation. The instructor

then identifies the relationships between two asfhiaiccells and constructs possible
reference models to evaluate learner’s cognitivdeho

2.2 Learner develops his/her cognitive model

In this phase, the learner has to construct higfleesonal cognitive model for the sort
problem. But, at first, the learner has to readdiscription of bubble sort algorithm which
is prepared by the instructor. Then, the learner thbarealize the learning goal and key
concepts of a sort problem. The learning goal isdd by the instructor to tell learners that
some conditions they have to satisfy. The goabdfgoblem is that the unsorted list has to
be sorted in ascending order. The key concepts baea identified in the concepts
repository.

After realizing the problem scenario, the learstarts to develop his/her cognitive
model by OCM. In this example of sort problem, kb&rner will describe each step of the
bubble sort algorithm in sequence. In this case l¢hrner places two adjacent elements,
B(1) and B(2) in the OCM Construction Panel, toed@ine hypothesis link among them.
The possible relationship between B(1) and B(#)as if the value in B(1) is larger than the
value in B(2), these two values have to be swaprdtbre, the learner places a hypothesis
link, named “swap”, and establish connection libesveen two concepts and hypothesis
link to form a proposition. Next, the rule of “swais established to represent a logical
representation: “if B(1) > B(2), then swap(B(1),2B(. Then, this hypothesis can be
evaluated by simulation. In the simulation, thehea observer the result generated from the
problem scenario for this hypothesis. If this hyyssis link is work, the learner can observer
that value in B(1) will be swap for value in B(2) B(1) is larger than B(2)). Then, the
learner will apply this hypothesis link to the néwio adjacent concepts repeatedly. The
cognitive model of bubble sort algorithm is représd as Figure 3.

| OC™M Construction Panel Concepts Repository

B(1) B(2) B(3) B(4
| 2|7 fa]s]

|

‘Smmﬁm si lati p | Valucassign  iteration |
Imulation Fane
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|

2.3 Learner acquires and applies new knowledge

When personal cognitive model is completed, anatbenario of sort problem is applied to
evaluate it. If this model cannot reach the leagrgjoal of new scenario, it has to be revised.

800



For example, an unsorted list consist of 100 elesxegmnot be solved by the model for four
elements of list. The learner may develop varioodefs for different size of lists, or deduct
a general model for different scenario by usingiteéetion construct. This is an adaptive
process that personal cognitive model will be agldyby various problem scenario.

3. Conclusions

This paper has proposed an operational conceptingppproach for supporting PBL. In
OCM, it combines the merits of conceptual modetmg and computer-based simulation.
During the iterative construction process, OCM chster in-depth learning by
experimenting with the proposed game simulationrenment. Learners can have better
understanding of what they do and why they do i@ gnoblem-solving. While the
preliminary results look interesting, more issu@®sain to be further investigated, including
application of OCM for supporting various learnitigrough problem solving, and
development of better online environment for suppgrPBL with OCM.
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