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Effective learning through problem solving is difﬁcult to realize as problem solving often involves
complex processes that are inaccessible to novices. It is important to make the complex process visible to
novices and provide them with necessary support throughout the tasks. This study proposes a computerbased learning environment that allows learners to capture their problem-solving process in a visual
format for effective thinking and reﬂection. Moreover, expert support is incorporated to improve selfreﬂection by allowing learners to identify the difference between their performance and that of the
expert. This study adopted a pretest-posttest control group design. The experimental group used the
visualization-based learning environment involving expert support, while the control group used the
visualization-based learning environment without expert support. Forty-ﬁve senior year medical students completed the study with ﬁve diagnostic problem-solving tasks in four weeks. The results showed
that the inclusion of expert support made the visualization-based reﬂective learning environment more
effective in improving learners’ problem-solving performance, supporting their construction of knowledge from problem-solving tasks, and improving their conﬁdence and satisfaction with the learning
experience.
© 2018 Elsevier Ltd. All rights reserved.
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1. Introduction
Learning through problem-solving is a constructivist educational approach that situates learning in problem-solving contexts
(Jonassen, 1997). It aims to help learners to develop critical thinking
and problem-solving skills as well as consolidate and extend their
subject knowledge. Learning through problem-solving is supported
by situated learning theories, which claim that learning and
cognition are fundamentally situated and therefore, learning is a
process occurring in contexts where knowledge is created and
applied (Brown, Collins, & Duguid, 1989; Lave & Wenger, 1991).
Learning through problem solving is also supported by experiential
learning theory (Dewey, 1938), which emphasizes that knowledge

* Corresponding author. Faculty of Education, University of Hong Kong, Pokfulam
Road, Hong Kong, China.
E-mail addresses: magwang@hku.hk (M. Wang), yuanbei1@hku.hk (B. Yuan),
Paul.Kirschner@ou.nl (P.A. Kirschner), andrek@uvic.ca (A.W. Kushniruk),
u3002116@connect.hku.hk (J. Peng).
https://doi.org/10.1016/j.chb.2018.01.025
0747-5632/© 2018 Elsevier Ltd. All rights reserved.

is created by engaging in and reﬂecting on experience, so called
“learning by doing.” Further, problem-solving experience is
recognized as an integral part of expertise development (Ericsson,
2008; Schmidt, Norman, & Boshuizen, 1990). Finally, learning
through problem-solving is closely related to problem-based
learning, where students learn about a subject through the experience of solving open-ended problems (Hmelo-Silver, 2004).
Problem solving has received wide attention in educational
practice, especially in complex and ill-structured domains such as
medical education and scientiﬁc inquiry. Problem-oriented experience has been found to be effective in developing critical thinking,
communication, and problem-solving skills and improving subject
knowledge (Gijbels, Dochy, Van den Bossche, & Segers, 2005;
Hmelo-Silver, 2004). Given the constraints of classroom settings
in supporting learning with real-world problems and authentic
tasks, technology-supported learning environments (e.g., virtual
environments, computer-based simulations, and web-based applications) have increasingly been explored as a way to support
learning in problem-solving contexts (e.g., Linn, 2000; Lajoie,

M. Wang et al. / Computers in Human Behavior 87 (2018) 406e415

Lavigne, Guerrera, & Munsie, 2001; Chau et al., 2013; Wong, Ma,
Yang, Yiu, & Yang, 2017).
Challenges to learning in problem-solving contexts. However,
effective learning through problem solving is difﬁcult to realize in
both classroom and computer-based settings. Solving a real-world
problem often involves a sophisticated process of understanding
the problem, linking abstract knowledge to problem information,
and applying relevant methods and strategies to solve the problem.
Learning in such contexts can pose heavy cognitive demand to
learners (Kirschner, Sweller, & Clark, 2006), which instructors or
experts often underestimate as for them, many of the requisite
processes have become largely automatic or subconscious with
experience. As a result of their limited capability to capture the
complex problem-solving process, many learners tend to engage in
surface experience and fail to achieve the desired learning
outcomes.
Learning through problem solving has been widely adopted in
medical education by way of problem-based learning curricula,
case-based sessions, and internship programs. Several reviews of
the literature have shown that problem-based learning improves
students’ reasoning and communication skills, fosters their ability
to cope with uncertainty, and encourages self-directed learning
(Albanese & Mitchell, 1993; Hartling, Spooner, Tjosvold, & Oswald,
2010; Koh, Khoo, Wong, & Koh, 2008; Neville, 2009). At the same
time, however, researchers have reported inconclusive and inconsistent ﬁndings regarding the superiority of problem-based
learning over conventional instruction, mainly in the systematic
construction of subject-matter knowledge and the development of
an efﬁcient reasoning process. A major concern is that completing a
problem-solving task, such as clinical diagnosis, involves a complex
cognitive processes of search for problem information about multiple aspects, integrating the problem information with subjectmatter knowledge, and reasoning with intertwined variables
(Delany & Golding, 2014; Wang, Wu, Kinshuk, Chen, & Spector,
2013). Many students have inadequate reasoning ability to
accomplish problem-solving tasks.
Supporting learning with complex problems. To facilitate
learning in complex situations, different types of support have been
employed in educational practice. Direct guidance or instruction
focuses on providing learners with relevant information or
methods to accomplish learning tasks. Scaffolding or indirect
guidance supports learning by the use of prompts, hints, and scripts
to direct learners’ attention towards important issues (e.g., what to
do next) during the task, or by decomposing a complex task into a
set of main actions or key questions (Hmelo-Silver, Duncan, &
Chinn, 2007; Kollar, Fischer, & Slotta, 2007; Reiser, 2004).
Providing support to learners in complex situations aligns with the
cognitive apprenticeship model (Collins, Brown, & Holum, 1991),
which maintains that carrying out a complex task usually involves
implicit processes; it is critical to make such processes visible for
novices to observe and practice, and to provide them with necessary help.
Making thinking visible for deeper learning. Recent research
highlights the importance of making thinking visible in complex
problem or task situations for deeper learning (Wang, Kirschner, &
Bridges, 2016). Deeper learning is characterized by a high level of
engagement in learning, driven by intrinsic motivation and, more
importantly, supported by relevant learning approaches that help
learners persist through challenges and setbacks to achieve a high
level of understanding and performance (Wang, Derry, & Ge, 2017).
Research on deeper learning has focused on what is called deep
approaches to learning (Chin & Brown, 2000; Entwistle, 2000) and
has concentrated on multiple issues involving externalizing the
tacit aspects of complex tasks for effective thinking, action, and
reﬂection; relating new ideas to prior knowledge and experience
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for effective construction of knowledge from practice; and
combining discrete pieces of knowledge into a coherent whole
(Wang et al., 2017).
Deep approaches to learning appear more likely to occur in
association with reﬂection. The connection between reﬂection and
deeper learning corresponds with the theoretical position of Moon
(1999) that the iterative process involved in reﬂection may be the
key to moving from a deep to a surface approach to learning. As
noted above, learning through problem-solving is supported by
experiential learning theory, which claims that the outcomes of
experiential learning depend not only on experience but, more
€n,
importantly, on reﬂection on experience (Moon, 1999; Scho
1983). Reﬂection, the process of making sense of experience by
thinking about what one has been doing, identifying gaps and
updating knowledge and skills, is crucial to experiential learning
and continuing development, especially in complex or illstructured domains such as medical education (Mann, Gordon, &
MacLeod, 2009).
Externalization of complex cognitive processes in graphic, diagrammatic and pictorial forms is found to play a critical role in
fostering in-depth thinking and reﬂection and improving learning
outcomes in inquiry and problem-solving contexts Chen, Wang,
Dede, & Grotzer, 2017; Gijlers & de Jong, 2013; Janssen, Erkens,
Kirschner, & Kanselaar, 2010; Linn, 2000; Suthers, Vatrapu,
Medina, Joseph, & Dwyer, 2008; Wu, Wang, Grotzer, Liu, &
Johnson, 2016). Making complex thinking or cognition visible can
be linked with model-based learning and instruction, that is, the
use of mental models to uncover cognitive processes and architectures to gain insights into the nature of complex problem solving
(Greca & Moreira, 2000; Seel, 2003). Other related work refers to
model-based assessment, i.e., assessing people's thinking about a
problem situation by asking them to represent their understanding
in a mental model with the support of computer-based tools
(Pirnay-Dummer, Ifenthaler, & Spector, 2010).
Expertise development. Nevertheless, given their limited
practical experience and the complexity of real-world problems,
many learners have difﬁculties capturing the essential aspects of
the problem-solving experience for adequate reﬂection and the
development of expert-like performance. In addition to enabling
learners to capture their problem-solving process for selfreﬂection, there is a need to explore how learners' performance
can be further improved by extending self-directed reﬂective
learning towards expert-supported reﬂective learning for expertise
development (Mann et al., 2009). Research on expertise development has revealed that desired learning outcomes in problemsolving contexts cannot be achieved through a mere accumulation of experience but require systematic and deliberate effort with
expert support (Ericsson, 2008; Jarodzka, Scheiter, Gerjets, & van
Gog, 2010). Williams et al.’s (2011) study on clinical reasoning education reported that students did not make expected rapid progress in problem-solving or reasoning performance after intensive
clinical experience in their senior years of medical school. Therefore, it is important to make complex cognitive processes visible to
novices and provide them with necessary support for complex
problem-solving.
The present study. This study proposes a visualization-based
learning environment (VLE) that allows learners to capture their
problem-solving process in a visual format for effective thinking
and self-reﬂection. Moreover, expert support is incorporated in the
system to enhance reﬂective learning by allowing learners to
identify the difference between their performance and that of the
expert. An empirical study was conducted with medical students to
determine the effects of the proposed approach by comparing it to a
similar learning environment with visualization-based facilities but
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without expert support. The experimental group used the VLE with
expert support (i.e., expert-supported VLE) to complete a number
of simulated diagnostic problem-solving tasks, while the control
group used the VLE without expert support. In addition, students in
both groups were encouraged to reﬂect on the subject-matter
knowledge underlying the problem-solving tasks and represent it
in a mental map. Recent research has revealed that visualizing both
problem-solving and knowledge-construction processes is crucial
to learning in complex problem-solving contexts (Wang et al.,
2013; Wu et al., 2016).
The learning outcomes were examined by analyzing students’
perceptions, their problem-solving performance, and their subjectmatter knowledge reﬂected in a traditional knowledge test and in
self-built mental maps.
The research questions (RQs) of the study were speciﬁed as
follows:
RQ1: Are there differences in perceptions between learners
using the expert-supported VLE and learners using the VLE
without expert support? If so, what are the differences?
RQ2: Do learners using the expert-supported VLE and those
using the VLE without expert support differ in their problemsolving performance after the study? If so, how do they differ?
RQ3: Is there a difference in the subject-matter knowledge after
the study between learners using the expert-supported VLE and
those using the VLE without expert support? If so, what is the
difference?
RQ4: Do learners using the expert-supported VLE and those
using the VLE without expert support differ in building a mental
map to represent the knowledge captured from problemsolving tasks? If so, how do they differ?

2. Methods
Glaucoma diagnosis was chosen as the learning subject because
it is a part of the learning content of general courses in medical
schools and is considered to be an ill-structured problem. Two
domain experts with more than ten years of clinical and academic
experience in glaucoma diagnosis and treatment participated in
this study. They supported the preparation of clinical cases and the
assessment of learning outcomes. A medical teacher with ﬁve years

of teaching experience in a public medical school also participated
in the study to support the arrangement of learning activities with
students.
Eight clinical cases were used in the study. One was used for
demonstration, ﬁve for learning tasks, and two for assessing student performance before and after the study. All cases were
selected and adapted from authentic clinical cases by the experts.
The selection criteria were that the cases should be representative
and clearly presented, and have referenced solutions validated by
the experts. The referenced solutions were used to assess student
performance and provide feedback to students during the task.

2.1. Visualization-based learning environment (VLE) with expert
support
The expert-supported visualization-based learning environment (i.e., Glaucoma Diagnosis & e-Learning System) was developed to support reﬂective learning with glaucoma diagnosis (Yuan,
Wang, Kushniruk, & Peng, 2016; 2017), as shown in Fig. 1. The
system consists of the following functions.
Problem solving. The system allows learners to work on a
number of simulated diagnostic problems. For each case in the
system, learners can view the initial information of the patient,
select clinical examinations, make intermediate judgments based
on examination results, and select a diagnostic conclusion after
obtaining adequate information via several rounds of examination
and judgment.
Process Visualization. The diagnostic problem-solving process
of learners can be monitored (Wang & Wang, 2002) and captured
by the system and shown in a ﬂowchart, showing the initial information about the patient, clinical examinations selected for the
patient, intermediate judgments made upon the examination results, and a diagnostic conclusion. By externalizing the diagnostic
process in a visual format, the system allows learners to review and
reﬂect on their task performance. Learners can practice with the
same case more than once.
Expert support. After each diagnosis, learners in the experimental group can view the feedback that the system generates by
comparing their performance with that of the expert (e.g., “Your
process missed some examinations.”). The feedback focuses on
three key aspects of the performance: selection of clinical examinations, intermediate judgment based on the examinations, and

Fig. 1. Visualization-based learning environment.
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diagnostic conclusion. The feedback allows learners to recognize
whether they have missed necessary examinations or judgments or
included unnecessary or inappropriate examinations, judgments,
or conclusions. The feedback is not concerned with the sequence of
actions (e.g., the order of the clinical examinations), which involves
certain ﬂexibility. The performance in collecting initial information
about the case is not taken into account as all learners are provided
with the same original information for each case, which is very
limited and useful for diagnostic analysis. Once the overall similarity in task performance between the student and the expert
reaches 70% or more, or the learner has tried to solve the case 10
times, the learner can view the expert's diagnostic process and
comments on the key points of the case.
Knowledge construction. At the end of the study, students are
encouraged to reﬂect on the subject-matter knowledge underlying
all the cases and represent it in a mental map in a ﬂexible way. The
system offers a diagram tool for students to build a mental map by
selecting elements from a given list and connecting them for logical
reasoning. There are four types of elements in the list, including
initial information; clinical examination; intermediate judgment;
and diagnostic conclusion, which are applicable to multiple glaucoma cases included in the learning program. The mental map
represents the subject-matter knowledge for glaucoma diagnosis,
that is, when given initial information about a problem, which
relevant clinical examinations should be selected to obtain additional information, what intermediate judgments can be made
based on the examination results, and what diagnostic conclusions
can be reached based on the available information.
Cognitive strategies. The overall design of the learning environment is aligned with the six strategies proposed in the cognitive
apprenticeship model: exploration, modeling, coaching, scaffolding, articulation, and reﬂection. Exploration involves providing
learners with opportunities to work on authentic problems by
themselves. Modeling the teacher's demonstratration of the
problem-solving process using a sample case at the beginning of
the study. Coaching is provided via feedback on individual performance. Scaffolding involves decomposing the task into a set of key
actions including the capture of initial information, clinical examination, intermediate judgment, and diagnostic conclusion. Articulation involves encouraging learners to articulate the knowledge
underlying the problem-solving process. Reﬂection allows learners
to capture and reﬂect on their problem-solving process as well as
on the gap between their performance and the expert's
performance.
2.2. Participants
Fifty students in their fourth year of study at a medical schoolparticipated in the study. They had the basic knowledge and skills
needed for clinical reasoning and diagnosis. Students were
randomly assigned to two conditions: 25 students to the experimental condition using the expert-supported VLE (Support) and 25
students to the control condition using the VLE without expert
support (No support).
2.3. Procedure
The learning program lasted for 6 weeks. The learning procedure was the same for both groups of students. In the ﬁrst week,
students signed the consent forms for their participation in the
study and completed the following activities before the study. A
questionnaire survey was administered to collect students’ demographic data. Moreover, a pre-test was arranged to assess their
subject-matter knowledge, and a clinical case was used to assess
their diagnostic problem-solving performance. Students were then
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given a face-to-face, 1-h introduction on how to use the given
system to perform diagnostic problem solving and engage in
reﬂective learning with clinical cases. A sample case was used to
demonstrate the learning process and to enable students to practice and become familiar with the learning environment.
Students started their self-directed learning in the second week.
They completed 5 simulated cases and built a mental map in the 4week study. They paced themselves and spend about 2 h per case.
During the task period, there was no teacher involvement except
for assistance with technical problems.
In the sixth week, a post-test was arranged with students to
assess their knowledge achievement, and a clinical case was
administered to assess their diagnostic problem-solving performance. In addition, a questionnaire survey was used to collect
students' perceptions of the learning environment and the cognitive strategies supported by the learning environment. Give that
deeper learning is characterized by a high level of engagement in
learning driven by intrinsic motivation as mentioned above, students’ motivation to learn with this program was also measured.
2.4. Learning task
The participants used the given learning environment to complete ﬁve simulated glaucoma cases. The task process was designed
to mirror clinical encounters in that learners were given incomplete
information about a problem and had to collect further information
by selecting clinical examinations and making intermediate judgments based on the examination results in several rounds before
selecting a diagnostic conclusion. Students were required to complete the learning task in three steps: (1) diagnose each case more
than once for practice; (2) review the diagnostic process for
reﬂection and improvement after each practice; and (3) reﬂect on
the subject-matter knowledge underlying the cases after
completing all the diagnostic tasks, and represent the knowledge in
a mental map using a diagram tool within the system. Moreover,
the students in the experimental group were asked to pay attention
to the feedback on the gap of individual performance provided by
the system in each practice. In addition, students in both groups
were informed that the expert's conclusion and comments on the
key points of the case would be available for access after they had
practiced with the case many times.
2.5. Measures
2.5.1. Demographic questionnaire
The pre-test questionnaire was administered to collect students’
gender information, self-assessment of computer skills (very poor,
poor, intermediate, good, very good), and their intention to use
computer-assisted learning applications (from strongly disagree to
strongly agree).
2.5.2. Learner perceptions
The post-test questionnaire survey was used to collect students'
perceptions of the overall learning environment and the cognitive
strategies supported by the learning environment, as well as their
motivation to learn using the learning environment. The survey
used a 5-point Likert scale ranging from 1 (strongly disagree) to 5
(strongly agree). The items measuring learner perceptions of the
learning environment were adapted from widely used information
technology acceptance instruments (Arbaugh, 2000; Davis, 1989).
These items measure students’ perceptions of the learning system
in terms of usefulness, ease of use, and intention to use. Examples
of the items include: “The system is useful for my learning,” “The
system is easy for me to use,” and “I have the intention to use the
system.”
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The items measuring learners’ perceptions of the cognitive
strategies supported by the learning environment were adapted
from the instrument evaluating clinical instruction and learning
environment in the clinical practice setting (Stalmeijer, Dolmans,
Wolfhagen, Muijtjens, & Scherpbier, 2010). The instrument consists of six scales: modeling, coaching, scaffolding, articulation,
reﬂection, and exploration. The validity and reliability of the instrument have been well established (Stalmeijer, Dolmans,
Wolfhagen, Muijtjens, & Scherpbier, 2008, 2010). Examples of the
items include: “The system facilitates my reﬂection on the
problem-solving process,” “The system provides me with the opportunity to exhibit my understanding of domain knowledge,” and
“The expert advice provided by the system is helpful for my study.”
The instrument for evaluating motivation developed by Keller
(2009) was adapted to measure student motivation to learn using
the given learning environment. The instrument involves four
scales: attention, relevance, conﬁdence, and satisfaction. Examples
of the items include: “The learning program inspires my curiosity,”
“The learning program is related to my expectations and goals,” “I
feel conﬁdent that I will do well in this learning program,” and “I
feel satisﬁed with what I learnt from this program.”

2.5.3. Problem-solving performance
Students' problem-solving performance was assessed by a
diagnostic problem-solving task/case before and after the learning
program (i.e., a pre-test and a post-test). The two tests used
different tasks, which, however, were at the same level of difﬁculty
as validated by the domain experts. The two tasks were randomly
assigned to the two tests. The assessment was based on the degree
of similarity between the student's performance and the expert's
performance as reﬂected in their diagnostic records. The assessment involved three scales: (1) selection of clinical examinations to
collect further information, (2) intermediate judgments based on
examination results, and (3) diagnostic conclusion. Learners' performance in collecting initial information about the case was not
taken into account as all the learners were given the same initial
information for each case, which was very limited and useful for
diagnostic analysis.
Performance in each of the three scales was assessed based on
the number of valid items, unnecessary items, and missing items in
the diagnostic record, deﬁned and speciﬁed as follows.
 Valid items were the elements present in the expert's diagnostic
record as well as in the learner's diagnostic record.
 Unnecessary items were the elements present in the learner's
diagnostic record but not in the expert's diagnostic record.
 Missing items were the elements present in the expert's diagnostic record but missing in the learner's diagnostic record.
Tversky's (1977) contrast formula was used to measure the degree of similarity between the student's performance and the expert's performance in each of the three aspects, such that
performance in each scale is determined by the following formula:

2.5.4. Subject-matter knowledge reﬂected in a traditional
knowledge test
Students’ subject-matter knowledge regarding the pathophysiology of glaucoma such as its causes, symptoms and diagnosis was
assessed before and after the study (i.e., a pre-test and a post-test).
Each test comprised 10 single-choice, 10 multiple-choice, and 10
true-or-false questions. The scores ranged from 0 (incorrect) to 1
(completely correct) for each question, with a test range of 0e30
rescaled to the range between 0 and 1. All questions were selected
from the question bank of a medical school. The validity and
appropriateness of the test questions and reference answers were
endorsed by the two experts. Two sets of test papers were prepared
using different questions, which, however, were at the same level of
difﬁculty as validated by the domain experts. The two sets of test
papers were randomly assigned to the two tests. Each test was
completed within 45 min.

2.5.5. Subject-matter knowledge reﬂected in a mental map
The mental maps created by students at the end of the study
were assessed to examine the effects of the proposed learning
environment on students’ subject-matter knowledge, in particular
the construction of knowledge from problem-solving tasks.
Different from that tested in a traditional examination, the subjectmatter knowledge represented in the mental map is more related
to problem-solving or diagnostic reasoning; that is, how a diagnostic task can be performed by analyzing the initial/existing information to determine the selection of appropriate clinical
examinations in order to obtain further information and make intermediate judgments in one or more rounds until reaching a
conclusion.
The assessment was based on the degree of similarity between
the student's map and the expert's map. The assessment focused on
the four types of elements and their connections in a map. In other
words, the assessment involved ﬁve scales: (1) initial information,
(2) clinical examinations, (3) intermediate judgments, (4) diagnostic conclusion, and (5) logical reasoning (reﬂected by the connections between the above elements). Performance in the ﬁrst
four scales was assessed in a similar way to how the student's
diagnostic record was assessed. Performance in the ﬁfth scale
(logical reasoning) was assessed based on relevant rubrics adapted
from Moni and Moni (2008). It was scored on a 4-level scale: 0 (few
proper connections), 1 (proper connections in some parts of the
map), 2 (proper connections in most parts of the map), and 3 (all
connections are proper), which was rescaled to the range between
0 and 1. The average score of the ﬁve scales represented the overall
performance in capturing knowledge from problem-solving
experience.
Two assessors who were blind to student identity and test information (i.e., pre- or post-test) appraised students’ test papers,
diagnostic records, and mental maps. Any differences in their
grading results for test papers and diagnostic records were resolved
by referring to reference answers or expert solutions. When
assessing mental maps, any disagreement on the score on four

Number of valid elements
Number of valid items þ 0:5*Number of unnecessary items þ 0:5*Number of missing items

The average score of the three scales represents the overall
problem-solving performance. The similarity scores ranged from
0 (totally different) to 1 (identical).

types of elements was resolved by referring to the expert map;
disagreement on the logical reasoning aspect was resolved through
discussion, and the two assessors agreed on the score on this scale
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for over 90% of all 45 mental maps before discussion to reach
consensus.
2.6. Data analysis
The collected data were analyzed using the following methods.
1. Descriptive statistics were used to describe the basic features of
the data in the study.
2. Mann-Whitney U tests were conducted on the survey data (on
an ordinal scale) to determine the differences between the two
groups.
3. Independent-sample t-tests were used to examine group differences in prior knowledge and diagnostic problem-solving
performance, and in mental maps.
4. A one-way analysis of covariance (ANCOVA) was used to
examine group differences in problem-solving performance,
whereby students' problem-solving performance in the pre-test
was used as covariate. A similar ANCOVA was conducted to
analyze group differences in knowledge scores, whereby the
pre-test score was used as covariate.
5. Cohen's d effect size was calculated for the effects on problemsolving performance and mental map.
6. For each group, paired-sample t-tests were used to determine
the differences between pre- and post-tests in students' subjectmatter knowledge and problem-solving performance.
7. A two-way repeated measures ANOVA was conducted on
problem-solving performance to examine whether there was an
interaction between the two factors (pre-test vs. post-test [i.e.,
Learning Time] as within-subject factor; experiment group vs.
control group [i.e., Group Condition] as between-subject factor)
in problem-solving performance.
3. Results
Twenty-ﬁve students (12 males, 13 females) in the experimental
group completed the study. Most possessed between intermediate
(48%) and good (40%) computer skills, and none self-reported being
a poor computer user. Consistent with this, most of the participants
showed a positive intention (agree 56%, strongly agree 32%) to use
computer-assisted learning applications.
In the control group, 20 students completed the study, and their
data were used for analysis; the other 5 students were not available
for the post-test activities. Among the 20 students (8 males, 12
females) completing the study, most possessed between intermediate (35%) and good (50%) computer skills, and none self-reported
being poor computer users. Consistent with this, most of the participants showed a positive intention (agree 55%, strongly agree
20%) to use computer-assisted learning applications.
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3.2. Perceived cognitive strategies
Both groups had positive perceptions of the cognitive strategies
supported by the learning environment. The Mann-Whitney U test
result showed that the experimental group receiving support had
signiﬁcantly more positive perceptions than the control group on
ﬁve of six subscales, including:
 modeling (Support: Mean ¼ 4.21, SD ¼ 0.94;
Mean ¼ 3.30, SD ¼ 1.09; p < 0.01),
 coaching (Support: Mean ¼ 4.21, SD ¼ 0.93;
Mean ¼ 3.22, SD ¼ 1.16; p < 0.01),
 scaffolding (Support: Mean ¼ 4.16, SD ¼ 0.99;
Mean ¼ 3.03, SD ¼ 1.16; p < 0.01),
 articulation (Support: Mean ¼ 4.13, SD ¼ 0.94;
Mean ¼ 3.15, SD ¼ 1.01; p < 0.01), and
 reﬂection (Support: Mean ¼ 4.09, SD ¼ 0.90;
Mean ¼ 3.12, SD ¼ 0.99; p < 0.01).

No Support:
No

Support:

No Support:
No Support:
No Support:

No signiﬁcant difference was found in terms of exploration
(Support: Mean ¼ 4.08, SD ¼ 0.90; No Support: Mean ¼ 3.62,
SD ¼ 0.89; p ¼ 0.070). Internal consistency analysis using Cronbach's alpha conﬁrmed that the scales for measuring perceived
cognitive strategies supported by the learning environment were
reliable (0.98 for the overall scale, 0.97 for modeling, 0.97 for
coaching, 0.97 for scaffolding, 0.96 for articulation, 0.95 for reﬂection, and 0.96 for exploration).

3.3. Perceived motivation to learn
Both groups reported being motivated to learn using the
learning environment. Based on the Mann-Whitney U test result,
the experimental group felt more conﬁdent during the study
(Support: Mean ¼ 4.13, SD ¼ 0.96; No Support: Mean ¼ 3.38,
SD ¼ 1.04; p < 0.05) and felt more satisﬁed with the learning program (Support: Mean ¼ 4.08, SD ¼ 0.99; No Support: Mean ¼ 3.52,
SD ¼ 0.95; p < 0.05) than the control group. There were no signiﬁcant differences between the two groups in their perceived attention to the learning program (Support: Mean ¼ 4.11, SD ¼ 0.98; No
Support: Mean ¼ 3.60, SD ¼ 0.95; p ¼ 0.059) and perceived relevance or usefulness of the learning program (Support: Mean ¼ 4.12,
SD ¼ 0.96; No Support: Mean ¼ 3.65, SD ¼ 0.95; p ¼ 0.074). Internal
consistency analysis using Cronbach's alpha conﬁrmed that the
scales measuring students' motivation were reliable (0.96 for
attention, 0.96 for relevance, 0.97 for conﬁdence, and 0.97 for
satisfaction).

3.4. Subject-matter knowledge
3.1. Perceptions of the overall learning environment
There were no signiﬁcant differences between the experimental
group receiving support and the control group that received no
support in reporting positive perceptions of the learning environment in terms of its usefulness (Support: Mean ¼ 4.08, SD ¼ 1.11; No
Support: Mean ¼ 4.00, SD ¼ 0.90; p ¼ 0.572), the ease of use of the
system (Support: Mean ¼ 4.14, SD ¼ 0.92; No Support: Mean ¼ 4.02,
SD ¼ 0.91; p ¼ 0.634), and intention to use the system (Support:
Mean ¼ 4.06, SD ¼ 1.01; No Support: Mean ¼ 3.83, SD ¼ 0.96;
p ¼ 0.374). Internal consistency analysis using Cronbach's alpha
conﬁrmed that the scales for measuring learner perceptions of the
learning environment were reliable (0.97 for the overall scale, 0.93
for usefulness, 0.91 for ease of use, and 0.94 for intention to use).

The independent-sample t-test results showed that the experimental and control groups had equivalent subject-matter knowledge before the learning program (Support: Mean ¼ 0.47,
SD ¼ 0.08; No Support: Mean ¼ 0.47, SD ¼ 0.08; p ¼ 0.816). After the
program, a signiﬁcant improvement in subject-matter knowledge
had been made by both experimental group (M ¼ 0.60, SD ¼ 0.08;
t24 ¼ 8.441, p < 0.001) and control group (M ¼ 0.60, SD ¼ 0.05;
t19 ¼ 10.176, p < 0.001). The ANCOVA result showed no difference
between the two groups in knowledge test scores (F (1, 43) ¼ 0.085,
p ¼ 0.772) after the study. Internal consistency analysis using
Cronbach's alpha conﬁrmed that the questions to test the subject
knowledge were reliable (0.824 for the pre-test, 0.794 for the posttest).
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3.5. Problem-solving performance
The descriptive statistics and independent-sample t-test results
for the problem-solving performance of both experimental and
control groups before the study are shown in Table 1. There were no
signiﬁcant differences between the two groups in all aspects of
performance.
An ANCOVA was used to examine group differences in problemsolving performance after the study by using the pre-test performance as covariate. As shown in Table 2, the two groups differed in
all aspects of problem-solving performance. The effect size
(Cohen's d ¼ 0.88) indicated a large effect of the expert-supported
approach on improving the selection of clinical examination, intermediate judgment, and overall problem-solving performance,
and a small effect on improving diagnostic conclusion.
For each of the two groups, students’ problem-solving performances before and after the learning program were compared. As
shown in Table 3, the experimental group made signiﬁcant progress
in all aspects of problem-solving performance, including selection
of clinical examination (t24 ¼ 5.41, p < 0.001), intermediate judgment (t24 ¼ 7.32, p < 0.001), diagnostic conclusion (t24 ¼ 2.87,
p < 0.01) and overall performance (t24 ¼ 6.46, p < 0.001).
As shown in Table 4, students in the control group made signiﬁcant progress in intermediate judgment (t19 ¼ 2.83, p < 0.05)
and diagnostic conclusion (t19 ¼ 2.87, p < 0.05) but not in clinical
examination (t19 ¼ 2.35, p < 0.01). Their overall performance had
improved after the learning program (t19 ¼ 3.16, p < 0.01).
Fig. 2 presents the pre-post progress of both groups on all
problem-solving subscales. Both groups made progress on all
subscales, but at different levels, with the experimental group
showing greater improvement than the control group in all

Table 3
Paired-sample t-tests for problem-solving performance of experimental group in
pre-test and post-test.
Scales

Clinical examination
Intermediate judgment
Diagnostic conclusion
Overall
**

p < 0.01;

***

Descriptive statistics

Paired sample t-test

Pre-test

t

df

p

5.41
7.32
2.87
6.46

24
24
24
24

0.0005***
0.0005***
0.008**
0.0005***

Post-test

Mean

SD

Mean

SD

0.38
0.18
0.08
0.21

0.15
0.17
0.28
0.14

0.67
0.54
0.40
0.54

0.19
0.20
0.50
0.18

p < 0.001.

Table 4
Paired-sample t-tests for problem-solving performance of control group in pre-test
and post-test.
Scales

Descriptive statistics
Pre-test

Clinical examination
Intermediate judgment
Diagnostic conclusion
Overall
*

p < 0.05;

**

Paired sample t-test

Post-test

Mean

SD

Mean

SD

0.34
0.15
0.05
0.18

0.16
0.18
0.22
0.13

0.45
0.29
0.35
0.37

0.24
0.21
0.49
0.24

t

df

p

1.96
2.83
2.35
3.16

19
19
19
19

0.065
0.011*
0.030*
0.005**

p < 0.01.

subscales. The difference in pre-post progress between the two
groups was most obvious in their performance on intermediate
judgment and least obvious in their performance on diagnostic
conclusion.
The two-way repeated measures ANOVA results showed that

Table 1
Independent-sample t-tests for problem-solving performance of the two groups in the pre-test.
Scales

Descriptive statistics
Experimental

Clinical examination

Intermediate judgment

Diagnostic conclusion

Number of valid items
Number of unnecessary items
Number of missing items
Similarity to expert
Number of valid items
Number of unnecessary items
Number of missing items
Similarity to expert
Number of valid items
Number of unnecessary items
Number of missing items
Similarity to expert

Overall

Independent-sample t-test
Control

Mean

SD

Mean

SD

1.76
4.32
1.24
0.38
0.80
5.28
1.24
0.18
0.08
0.92
N/A
0.08
0.21

0.72
1.35
0.72
0.15
0.76
1.54
0.72
0.17
0.28
0.28
N/A
0.28
0.14

1.45
3.80
1.65
0.34
0.60
4.55
1.65
0.15
0.05
0.95
N/A
0.05
0.18

0.76
1.96
0.88
0.16
0.68
2.01
0.88
0.18
0.22
0.22
N/A
0.22
0.13

t

df

p

1.40
1.05
1.72
1.17
0.92
1.05
1.72
0.63
0.39
-0.39
N/A
0.39
0.98

43
43
43
43
43
43
43
43
43
43
N/A
43
43

0.169
0.298
0.092
0.410
0.365
0.175
0.092
0.593
0.697
0.697
N/A
0.697
0.433

Table 2
ANCOVA for group differences in problem-solving performance.
Estimates
Mean
Clinical examination
Intermediate judgement
Diagnostic conclusion
Overall
*

p < 0.05;

**

p < 0.01;

***

p < 0.001.

Experimental
Control
Experimental
Control
Experimental
Control
Experimental
Control

0.667
0.454
0.538
0.299
0.401
0.349
0.534
0.369

Pairwise comparisons
Std. Error
0.043
0.048
0.041
0.046
0.100
0.112
0.042
0.047

Mean difference
0.213

Std. Error
0.065

Sig.

Effect size
**

0.002

***

0.92

0.239

0.061

0.0005

0.94

0.052

0.151

0.033*

0.24

0.164

0.063

0.013*

0.88
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Fig. 2. Pre-post progress on problem-solving performance of the two groups.

the experimental group obtained higher scores on overall problemsolving performance than the control group (F (1, 43) ¼ 6.65,
p < 0.05), that is, Group Condition inﬂuenced performance. In
addition, students in both groups had improved their problemsolving performance after the studydin other words, Learning
Time had an effect on the problem-solving performance of both
groups (F (1, 43) ¼ 51.57, p < 0.001). The interaction between
Learning Time and Group Condition failed to reach statistical signiﬁcance (F (1, 43) ¼ 3.85, p ¼ 0.056), implying a signiﬁcant main
effect of the expert supported approach.
3.6. Subject-matter knowledge reﬂected in a mental map
Table 5 presents the descriptive statistics and independentsample t-tests for the mental maps created by the two groups. As
shown, the experimental group performed better than the control
group in representing the knowledge related to clinical examination (t43 ¼ 3.85, p < 0.001), intermediate judgment (t43 ¼ 5.53,
p < 0.001) and logical reasoning (t43 ¼ 4.32, p < 0.001), but not in
representing the knowledge related to initial information and
diagnostic conclusion. Consequently, the experimental group outperformed the control group in overall performance with respect to
mental maps (t43 ¼ 4.60, p < 0.01). The effects size (Cohen's
d ¼ 1.33) indicated a large effect of the expert-supported approach
on enabling learners to construct knowledge from problem-solving
experience. The differences between the two groups are also
depicted in Fig. 3.
4. Discussion
This study presents a promising approach to extending selfdirected reﬂective learning towards expert-supported reﬂective

Fig. 3. Comparisons of mental maps between two groups.

learning for expertise development in complex problem-solving
contexts by incorporating expert support into a visualizationbased learning environment. . Based on the ﬁndings of the study,
the effects of the proposed expert-supported, visualization-based
learning environment were discussed in the following aspects.
4.1. Learner perceptions
While both groups reported having high levels of motivation to
learn using the given learning environment, the experimental
(Support) group reported a higher level of conﬁdence and satisfaction than the control (No Support) group. Also, students in both
groups had positive perceptions of the learning environment and
the six cognitive strategies (modeling, coaching, scaffolding,

Table 5
Independent-sample t-tests for the mental map of the two groups.
Scales

Descriptive statistics
Experimental

Initial information
Clinical examination
Intermediate judgment
Diagnostic conclusion
Logical reasoning
Overall

Independent-sample t-test

Effect size

Control

Mean

SD

Mean

SD

t

df

p

Cohen's d

0.58
0.63
0.57
0.81
0.63
0.64

0.21
0.13
0.14
0.12
0.21
0.13

0.50
0.48
0.35
0.77
0.40
0.50

0.14
0.08
0.10
0.10
0.13
0.07

1.42
3.85
5.53
1.26
4.32
4.60

43
43
43
43
43
43

0.154
0.0005***
0.0005***
0.279
0.0005***
0.0005***

N.A.
1.39
1.82
N/A
1.31
1.33
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articulation, reﬂection, and exploration) supported by the learning
environment. However, the experimental group had signiﬁcantly
more positive perceptions than the control group on ﬁve of the six
strategies (the exception being exploration).
The results of the study revealed the role of expert support in
improving learners’ conﬁdence and satisfaction when they work
with complex problems. Moreover, the ﬁndings echo the results of
prior studies in that students have positive perceptions of learning
experience when they were enabled to capture the sophisticated
process of learning with complex problems in visualization-based
learning environments (Wang et al., 2013; Wu et al., 2016).
4.2. Problem-solving performance
The inclusion of expert support in the VLE was found to inﬂuence problem-solving performance positively. Students in the
experimental group outperformed their peers in the control group
in problem-solving performance, which can be attributed to their
superior performance in the subscales of clinical examinations,
intermediate judgment, and diagnostic conclusion. At the same
time, learning time was found to have an effect on problem-solving
performance. Students in both groups had made signiﬁcant improvements in problem-solving performance after the learning
program, although the control group showed no improvement in
the subscale of clinical examination. The interaction between
learning time and learning environment did not reach statistical
signiﬁcance, showing a signiﬁcant main effect of the expertsupported VLE on improving problem-solving performance. The
results align with the ﬁndings of prior studies in that students with
the support of expert knowledge became more capable of solving
problems, for example, by differentiating between relevant and
irrelevant information in using evidence to justify a diagnosis
(Lajoie et al., 2001).
4.3. Subject-matter knowledge
The effects of the expert-supported VLE on subject-matter
knowledge were examined through knowledge tests and mental
maps. Based on the knowledge test scores, students in both
experimental and control groups had made signiﬁcant progress in
subject-matter knowledge after the learning program. However, no
signiﬁcant difference was found between the two groups in their
knowledge test scores after the learning program.
Based on students’ performance on mental maps, the experimental group showed superior performance to that of the control
group in maintaining logical consistency in representing knowledge, in representing the selection of appropriate clinical examinations based on initial information, and in representing
intermediate judgments, although no difference was found in
representing initial information and diagnostic conclusion in the
mental map. It is possible that a student arrives at the right
conclusion without proper reasoning or intermediate judgements.
The result revealed that the control group had more inconsistencies
in their reasoning knowledge than the experimental group. These
ﬁndings echo prior research reporting that novices tend to be less
coherent and ﬂuent when they articulate their solutions to a
problem (van de Wiel, Boshuizen, Schmidt, & Schaper, 1999). Other
research has shown that higher performers tend to organize the
tacit knowledge for problem solving in a more structured way than
lower performers (Bradley, Paul, & Seeman, 2006).
4.4. Implications
The implications of the ﬁndings are fourfold. First, while
student-centered learning or self-direction has been emphasized in

problem-based learning contexts, effective learning does not always happen spontaneously. It is necessary to facilitate learners to
engage in effective thinking and reﬂection with adequate support
€nboer & Kirschner, 2018). Such guidance
and guidance (van Merrie
and support may involve externalize the complex cognitive process
in a visible way, as well as disclosing the gap between the learner's
performance and the expert performance as a direction for
improvement, both of which are crucial for reﬂective learning.
Second, students might reach valid conclusions without proper
reasoning to explain a solution. There are, thus, gaps in their
knowledge that may lead to unstable and often inadequate performance in problem solving. Expert support or feedback on the
difference in the problem-solving process between the student and
the expert has shown its favorable effects in enabling learners to
improve their performance not only in solving a problem but also in
constructing knowledge from practice. The latter is even more
important for sustainable development of expert-like performance.
Third, learners are expected to consolidate and extend their
subject knowledge through problem-solving experience. While
problem-based learning is increasingly being used in medical education and other domains, there is concern about using traditional
examinations to assess the acquisition of knowledge in problemsolving contexts (Gijbels et al., 2005). Representations of mental
models and reasoning processes with computer-based tools have
been promoted and found to be effective for formative assessment
of learning in complex problem domains (Pirnay-Dummer et al.,
2010). This, however, does not mean that the acquisition of foundational knowledge and skills are not important, nor that they need
not be assessed.
Fourth, while deeper learning is characterized by a high level of
engagement in learning driven by intrinsic motivation, expert
support plays an important role in improving learners’ conﬁdence
and satisfaction while working with complex problems. Necessary
support and guidance is needed to help learners to persist through
challenges and setbacks and sustain their motivation throughout
the study (Wang et al., 2017).
4.5. Limitations and future research
The study has some limitations. First, because of the small
number of participants, it may not be possible to generalize to a
broader population. Second, ﬁndings from one domain is not
necessarily generalizable to other domains. These limitations may
be addressed in further research by exploring the effects of the
proposed approach with a larger sample and extending the investigation in other domains.
5. Conclusion
Problem solving often involves complex implicit processes that
are difﬁcult for novices to capture. Learners tend to be inadequately
empowered to engage in deeper learning experience and achieve
desired learning outcomes. Recent research has demonstrated the
importance of making thinking visible in complex situations, with a
focus on externalizing cognitive processes for in-depth thinking
and reﬂection. However, with limited problem-solving capability
and practical experience, it is difﬁcult for novices to develop expertlike performance without the necessary support.
This study proposed an expert-supported, visualization-based
learning environment that enables learners to capture their
problem-solving process in a visual format for deeper thinking and
reﬂection, as well as helps learners to identify the gap between
their performance and that of the expert throughout the tasks.
Expert knowledge is utilized in an attempt to extend self-directed
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learning with complex problems towards expert-supported
reﬂective learning for expertise development. The ﬁndings
showed that the expert-supported, visualization-based learning
environment was more effective in improving learners' problemsolving performance, fostering the construction of knowledge
from problem-solving experience, and improving learners’ conﬁdence and satisfaction with the learning experience. In the long
run, a ﬁnal question emerges: How does problem-based learning
with expert support and guidance differ from more direct instruction making use of authentic tasks as propagated by van
€nboer and Kirschner (2018)?
Merrie
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