What Matters in Concept Mapping? Maps
Learners Create or How They Create Them
Shang Wang1(&), Erin Walker1, and Ruth Wylie2
1

2

Computing, Informatics, and Decision Systems Engineering,
Arizona State University, Tempe, USA
{shangwang,Erin.A.Walker}@asu.edu
Mary Lou Fulton Teachers College, Arizona State University,
Tempe, USA
Ruth.Wylie@asu.edu

Abstract. Generative strategies, where learners process the target content while
connecting different concepts to build a knowledge network, has shown
potential to improve student learning outcomes. While concept maps in particular have been linked to the development of generative strategies, few studies
have explored structuring the concept mapping process to support generative
strategies, and few studies offer intelligent support. In this work, we present a
concept mapping tool that offers navigational support in the form of hyperlinks,
where nodes in the concept map are linked to segments of text. We evaluate the
effect of the hyperlinks on generative strategies and learning outcomes through a
week-long high school study with 32 participants. Our results indicate that
proper navigational and visual aid during concept mapping facilitates the
development of generative strategies, with implications for learning outcomes.
Based on these ﬁndings, we propose a constraint-based tutoring system to
adaptively support the development of generative strategies in concept mapping.
Keywords: Concept map
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1 Introduction
Diagrams and mapping tools have been used to improve learning by providing a visual
display of information, concepts, and relations between ideas [1, 2]. One such tool is a
concept map, which is a graphical representation that illustrates knowledge structures
as labelled links (denoting relationships) between various labelled nodes (denoting
speciﬁc concepts in the knowledge domain) [3]. Although concept maps have been
reported to facilitate learning [18], the use of concept maps also comes with drawbacks.
The main disadvantage of using concept maps is the complexity of the task and the
training required [4]. While previous research has shown the beneﬁts of providing
feedback and scaffolding during concept mapping [5], many studies have focused on
the quality of the completed map rather than evaluating the process by which it was
made. For example, Hirashima assessed the quality of student-generated concept maps
by using keyword matching to compare the nodes in the concept map with keywords
from the learning content [6]. Others have developed systems to provide immediate
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feedback [e.g., 7], but these still focus on the product students create rather than
intelligently monitoring the cognitive process.
We argue that it is just as important to consider how the concept maps are created
when considering possible forms of intelligent support. For example, in what order are
the concept nodes and links created? How much are students comparing concepts while
constructing the map? Even two identical maps can result from two completely different strategies, and these strategies might influence learning results. Among different
types of learning strategies, generative strategies have shown to have powerful impact
on student learning. Generative strategies refer to behaviors and activities that involve
the creation of relationships and knowledge networks among different concepts [8].
Research has demonstrated that generative strategies during reading, where learners
process the learning content while comparing and connecting different concepts, lead to
better learning outcomes than a linear strategy [9]. In addition, prior work suggests that
concept mapping can be used as a valuable tool to develop generative strategies [15].
Supporting students in pursuing generative strategies during concept mapping may be
highly beneﬁcial.
In this paper, we present our design of a concept mapping environment that is
integrated with a digital textbook. The environment is designed to scaffold generative
strategies by allowing students to create concept maps directly from the textbook and
then use them to navigate to relevant textbook content using a hyperlink feature. We
hereby propose three hypotheses:
H1: The hyperlink feature improves learning.
H2: The hyperlink feature facilitates generative strategies.
H3: The use of generative strategies predicts learning outcomes.
We investigate our hypotheses through a classroom study with 32 high school
students. We discuss the implications of the study ﬁndings for developing a system that
uses intelligent tutoring to promote generative strategies during concept mapping.

2 Related Work
The introduction of personal computers enabled the development of computer-based
concept mapping tools such as CmapTools, Mindmaple, Mind Mapping and Mind
Vector. Some of these tools, like CmapTools, have been extensively studied by
researchers, and have demonstrated signiﬁcant advantages over traditional concept
mapping tasks [10]. These tools tend to provide features like fast input, easy modiﬁcation, and map sharing, but do not fully utilize the interactive and intelligent potential
of digital platforms to support students.
One way researchers have attempted to use digital technologies to scaffold beneﬁcial
learning strategies is by providing concept map based navigation, where students can
click on a node in the concept map to navigate to the corresponding page, as opposed to
reading the text in a ﬁxed linear order. However, prior research on concept map based
navigation failed to demonstrate positive impacts on learning gains [11, 12]. One
explanation might be the maps given to student in the above studies are ready-made.
Learners confronted with these ready-made maps may initially feel overwhelmed or
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demotivated by the complexity of the map [13], and thus, the beneﬁts of quick access to
relevant content are likely to be diminished by the cognitive load to process ready-made
maps. In our work, students use concept maps that they created to navigate to relevant
content, reducing the cognitive load of processing an unfamiliar map structure.
Another way researchers have used digital technologies in concept mapping is
through the use of artiﬁcial intelligence. For instance, Weinbrenner and colleagues
designed a system that provides feedback to students by comparing their concept maps
with a domain ontology through keyword matching [19]. Similarly, Wu [7] presented a
concept mapping environment that provides feedback based on the similarity between a
student map and an expert map. These studies highlight the use of feedback in concept
mapping, but the feedback given to students is mainly tailored to their ﬁnal product,
that is, the concept maps created by students. Few evaluate the process of constructing
the maps. Mayer’s work, which directly measured learners’ cognitive processing
during reading, revealed the importance of different strategies on learning outcomes
[9]. In this present work, we evaluate the use of scaffolding to support generative
strategies during concept mapping, with the eventual goal of developing adaptive
feedback on concept mapping strategies.

3 System Design
In this work, we present an iPad-based interactive concept mapping tool that is integrated with a digital textbook. The tool enables students to create concept maps directly
from the textbook content and, in turn, use the created map to access and navigate the
content. The system was written in Objective-C, and the content displayed in the book
is in.epub format to facilitate importing new materials as necessary. Our system is
designed to support students in developing generative strategies during the concept
mapping process. The following are the key features of the system:
1. Integrated text and concept map view. Our system has both a textbook view and
a concept map view. When students hold the tablet in portrait mode, the system works
as a traditional digital textbook. However, when the tablet is in landscape mode, the
screen splits into two, with the left side displaying the textbook view and the right side
showing the concept map view (see Fig. 1). The dual-window alignment provides
quick access to both views for easy comparison between the text and the concept
map. The students navigate within the textbook view by swiping left to go forward and
right to go back. Since the iPad screen is relatively small, especially when divided in
half, we provide students with a concept map preview which indicates where students
are within the overall concept map.
2. Concept map construction. To create the concept map, students can add a
concept node by long pressing on the word or words in the textbook. This
“click-to-add” feature is designed to ameliorate the extraneous effort of typing the
concept name on the iPad, while encouraging the cognitively beneﬁcial process of
building the knowledge structure. If students want to customize their concept maps by
creating nodes that do not come directly from the text, they can add concept nodes by
clicking on the “+” icon in the concept map view and using the iPad keyboard to label
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their nodes. To link concepts, student ﬁrst long press on a concept node, choose the
linking option, and then tap the second node they want to link. Students can then
choose a word from a suggested list or type their own word to specify the relationship
between the two concepts. Students can delete concepts or the whole map as necessary.
3. Concept map navigation. When a concept node is added to the map, it is
hyperlinked to the page in the textbook that was active when it was created. To navigate
back to that page, the student can click on the concept. In addition, if the student is
navigating using the textbook view (swiping left or right), when the student arrives on a
page, the concepts that were created on that page will be highlighted both in the concept
map view and in the textbook view. We expect that this hyperlink navigation feature
would better support students in pursuing generative strategies by helping them to
compare concepts from different segments of text.

Fig. 1. Our application integrates a concept mapping tool with a textbook. Students can create
concept maps directly from the textbook and use the created maps for navigation.

An example of generative strategies in the use of this application would be as
follows. A student, Sam, reads the textbook and ﬁnds the concept “seed” on page 5. He
uses the “click-to-add” feature to add a node named “seed” to the concept map view on
the right. He continues to read the textbook. On page 30, where it talks about water
pollution, he creates a node “water quality”. Sam then realizes water quality might have
something to do with the growth of the seed. He taps on the concept map node “seed”
and the system navigates back to page 5. He ﬁnds that the growth of seeds largely
depends on the oxygen level and mineral composition of underground water. He then
taps on the node “water quality” and, jumping back to page 30, he ﬁnds that the water
quality would affect the oxygen level and mineral composition. With this information,
he links the concept map nodes “seed” and “water quality” and names the relationship
as “depends on”. From the example shown above, the hyperlinknavigation feature adds
flexibility to the ﬁxed linear textbook structure and enables students to access key
information located in different pages of the textbook. These comparisons are critical in
developing generative strategies.
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4 Study of Hyperlink Feature
We conducted a study to test whether our digital textbook application improves
learning (H1), improves the use of generative strategies (H2), and whether the generative strategies are related to learning (H3). We worked with a high school teacher who
typically uses concept mapping activities in her classes. In this study, our digital
textbook application is used as a substitute to the paper-and-pencil based tools typically
used for the concept mapping activity. During the study, students read a textbook
chapter and, over the course of 5 classroom periods, constructed a concept map to
represent the knowledge structure of the chapter. We investigated students’ interactions
with the system and their corresponding learning outcomes.

4.1

Method

We recruited 32 participants from a high school 12th grade earth sciences class. All
participants had previous experience with concept maps. The application was installed
on an iPad 2 Air, with a 9.7-inch display and a multi-touch interface. The learning
material consisted of a chapter from the 15th edition of Living in the Environment:
Principles, Connections, and Solutions, the textbook that was being used in the class.
The textbook displayed in the application was manually edited by us to ﬁt the screen of
the iPad. The original chapter had 27 pages and the iPad version had 58 pages.
Students were assigned to two conditions (hyperlink and non-hyperlink) via a
randomized block design to control for pretest score. All students worked individually
and kept his or her iPad for the duration of the study. Students in the hyperlink
condition used the system described above. They were able to create concept maps
from the book and tap on the nodes to navigate to the related pages, with relevant
words in the textbook and concept map nodes highlighted. Students in the
non-hyperlink condition used the same system, but with no hyperlink navigation or
highlighting on words and concept map nodes.
Students began the study with a pretest, which was taken on a Thursday. The
intervention, in which students used our application, began the following week on a
Monday, and lasted 20 min per day for 5 consecutive days. On the ﬁrst day, all of the
participants were given a 10-minute in-app training session (tailored to condition)
where they learned about how to use the application features through a step-based
tutorial. Our intervention was integrated into normal classroom practice and was part of
the broader unit on earth sciences taught by the teacher. Therefore, each day after using
our system to create their concept maps, students received a related lesson from their
teacher and continued to engage with related content on Monday and Tuesday the
following week. Similarly, if students ﬁnished creating their concept map before the
end of the ﬁfth day, they worked on related content the teacher had prepared (e.g., an
online reading task). The posttest was given on the Wednesday after the study was
completed. During the study, all students’ actions were logged and the ﬁnal concept
maps were uploaded to a server for analysis.

What Matters in Concept Mapping?

4.2

411

Measures

Learning. The pretest consisted of 30 multiple choice questions covering the whole
chapter, and was designed by the high school teacher. The posttest consisted of the
same questions as the pretest but in a different order. This was in accordance with the
common practice of the classroom teacher, who constructed similar pre and posttests
for every unit she taught. Learning results are measured by normalized gains [21].
Generative Strategies. We model generative strategies using three variables.
1. Backnavigation. A back navigation is the count of times a student navigates back a
previous page after reading forward in the text. Several “back” actions in a row are
counted as a single back navigation, but once the learner moves forward again, the
next time they go back, a new back navigation will be counted. This captures when
learners make comparisons between current concepts and previously recalled ones.
2. Cross links. We computed the number of cross links by counting the times two
concept nodes that are created from two different pages are linked. This measure
reveals that learners are establishing relationships among concepts located on different pages of the textbook. The higher number of cross links a student has, the
more comparisons the student is making.
3. Context switch. Our log ﬁle records whether a student is interacting with the
textbook view or the concept map view, so we are able to model how many times
students’ attention switches from the textbook view to the concept map view.
A high number of context switches from a student is an indication that the student is
frequently referring to the textbook and comparing it with the concept map while
constructing it, which indicates generative strategies.
Using the above three variables, we computed an overall generative score that
quantiﬁes generative strategies as a whole by: (1) using min–max normalization [22] to
rescale the three variables into [0, 1], and (2) averaging the three rescaled values to get
an overall generative score, also between 0 and 1.
Concept Map Properties. We also computed three basic properties of the students’
concept maps themselves:
1. Total node. The total number of concept nodes in the concept map.
2. Total link. The total number of links in the concept map.
3. Link/node ratio. Link/node ratio is computed as the number of concept links over
the number of concept nodes in a given map. The link/node ratio indicates the
overall connectivity of a concept map. The higher the link/node ratio is, the more
connected a concept map is.
Student Activities. Finally, we computed three variables from the log data that
reflected student activity within the application.
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1. Total actions. Total action is the total number of actions for each student.
2. Navigation actions. Navigation actions include turning pages and using hyperlink
for navigation.
3. Hyperlink navigation actions. A hyperlink action is when a student clicks on a
hyperlinked concept map node for navigation.
4.3

Results

Overview of Student Activity. In this section, we ﬁrst present an overview of how
students used our system to create concept maps for learning. As discussed in the
method, not all students engaged in concept mapping for all study days, either due to
being absent or completing the activity early. The actual attendance days are not
signiﬁcantly different between conditions, F(1, 28) = 1.579, p = 0.219. 23 students
attended for 5 days (11 in the hyperlink condition, 12 in the non-hyperlink condition)
and 7 students attended for 4 days (4 in the hyperlink condition, 3 in the non-hyperlink
condition). Students who attended 5 days performed marginally less total actions than
those who attended 4 days (p = 0.063). Two students (one in each condition) who
attended less than 3 days are excluded from analysis.
Next, we looked at the basic properties of the concept maps that students produced
(see Table 1). Overall, students created a mean of 40.90 nodes (SD = 19.75) and a
mean of 37.80 links (SD = 19.14). We conducted a MANOVA with condition as the
independent variable and number of concept nodes, number of concept links, and
link/node as dependent variables. There was no signiﬁcant difference between condition on the overall model (F(3, 25) = 0.303, p = 0.823, Wilks’ k = 0.965, partial
g2 = 0.035), and no signiﬁcant effects of condition on the individual dependent
variables.

Table 1. Variables for modeling concept map outcomes
Condition

#Concept
nodes
Mean SD
Hyperlink
42.42 18.91
Non-hyperlink 39.60 21.15

#Concept
links
Mean SD
38.40 19.48
37.20 19.45

#Link
node
Mean
0.91
0.93

over
SD
0.16
0.11

As a proxy for student engagement, we examined whether student activity varied
across conditions. We ﬁrst examined whether the hyperlink feature influenced the total
navigation and total actions. A one-way ANOVA revealed that there was no signiﬁcant
difference between condition on total actions performed (F(1, 28) = 2.081, p = 0.160),
with the hyperlink condition having a mean of 371.80 actions (SD = 108.55) and the
non-hyperlink condition having a mean of 452.93 actions (SD = 188.83). Similarly,
there was no difference in number of navigation actions (F(1, 28) = 2.705, p = 0.111),
with the hyperlink condition conducting on average 191.53 actions (SD = 82.79) and
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non-hyperlink conducting 276.33 actions (SD = 181.74). Students used the hyperlink
navigation actiona mean of 23.25 times, which is 12.14% of the total navigation actions
taken.
H1: The hyperlink feature improves learning. Our hypothesis when designing the
hyperlink feature was that the use of the hyperlink feature facilitates students in making
connections between concepts, and thus, improves learning. To evaluate this hypothesis,
we conducted a two-way repeated-measures ANOVA with condition as a betweensubject variable and test time as a within-subject variable. Results show that both
conditions demonstrated signiﬁcant learning results (F(1, 28) = 50.244, p < 0.001), but
there was no signiﬁcant difference between conditions (F(1, 28) = 0.18, p = 0.68).
Pretest and posttest results are shown in Table 2.
Table 2. Pre and posttest scores.
Condition

Pretest

Posttest

Normalized
gain
Mean SD Mean SD Mean SD
Hyperlink
13.71 3.79 18.93 4.08 0.34 0.16
Non-hyperlink 13.40 4.12 19.47 3.77 0.33 0.21

H2: The hyperlink feature facilitates generative strategies. The primary prediction
in our work is that the navigational support and highlighting of key information in both
views provided by the hyperlink feature would yield more connections among different
concepts as well as more references and comparison between the textbook and the
concept maps. Table 3 shows three indicators of generative strategies and the overall
generative score.
We conducted a MANCOVA with the above features of generative strategies as
dependent variables, and condition as an independent variable. We used total actions as
a covariate, as a proxy for how active students were when interacting with the application. The overall model was signiﬁcant between conditions, F(3, 25) = 13.74,
p = 0.001, Wilks’ k = 0.537, partial g2 = 0.463. Looking at the individual variables,
back navigation (F(1, 27) = 10.993, p = 0.003, partial g2 = 0.289) and context-switch
(F(1, 27) = 15.785, p < 0.001, partial g2 = 0.369) were signiﬁcantly higher in the
hyperlink condition. However, number of cross-links was not signiﬁcantly different
between conditions (F(1, 27) = 3.768, p = 0.063, partial g2 = 0.122). Overall, the
hyperlink feature signiﬁcantly increases the use of generative strategies.
Table 3. Variables for modeling generative strategies
Condition

Back
navigation

Cross-links

Context
switch

Overall
generative
score
Mean SD
Mean SD
Mean SD
Mean SD
Hyperlink
34.67 11.41 13.73 10.06 114.40 55.92 0.43 0.18
Non-hyperlink 26.93 14.03 10.47 8.13 63.60 23.77 0.28 0.15
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H3: The use of generative strategies predicts learning outcomes. Here, we examine
whether the use of generative strategies relates to learning outcomes. We represent
generative strategies using the overall generative score metric, introduced in the
measures section. We conducted a generalized linear mixed model with condition,
overall generative score (centered by mean) and the interaction of condition and overall
generative score as independent variables, and learning gain as a dependent variable.
We found that the interaction between condition and overall generative score signiﬁcantly affects learning gain (F(1, 26) = 6.26, p = 0.019). To explore this interaction,
we performed a correlation between generative behavior and normalized gain for each
condition. For the hyperlink condition, generative behaviors are positively correlated
with learning (r(13) = 0.623, p = 0.013). For the non-hyperlink condition, generative
behavior does not predict learning (r(13) = −0.302, p = 0.274). Thus, the more generative strategies students use, the higher their learning gain, but only in the hyperlink
condition.

5 Discussion
Our study aims to evaluate how our concept map learning environment assists student
in the development of generative strategies. In a study with 30 high school students, we
found that the use of the hyperlink feature increases generative behaviors. While these
generative behaviors were related to learning in the hyperlink condition, they were not
in the non-hyperlink condition.
Students in the hyperlink condition were more likely to exhibit generative strategies
within our system, comparing and connecting concepts in different segments in the
book, as well as relating the concept map with the textbook. Students in the nonhyperlink condition were more likely to process the textbook material in a given linear
order. The fact that hyperlink students performed signiﬁcantly more generative learning
behaviors reinforces our hypothesis that the navigational support and visual comparison of key information facilitates students in comparing and establishing connections
among concepts across pages.
Research has demonstrated that use of these generative strategies have the potential
to improve learning [14]. This is indeed what we ﬁnd within the hyperlink condition, as
students who exhibit more generative strategies score better on a multiple choice test.
However, this is not the case in the non-hyperlink condition. We argue that beneﬁts of
generative strategies come with drawbacks, as comparing and connecting concepts
located in different pages requires extraneous effort, especially when students are not
provided with proper visual aids and navigational support. Unlike previous research on
generative strategies, where the content used was pretty simple, consisting of only a
few pages [9, 16], the reading material in our study consisted of 58 pages that students
read over 5 days, imposing a much higher cognitive load. While students in the
hyperlink condition are able to use to the concept map to view relevant resources,
students in the non-hyperlink condition are challenged with additional effort when
comparing different concepts. It is not only physically demanding, as they have to flip
through several pages manually, but also cognitive challenging due to the complex
content structure. The beneﬁts of using generative strategies are more likely to be
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hindered by the high cognitive load caused by the inefﬁcient navigation. Thus, to see
the beneﬁts of generative strategies, proper visual aids and navigational support need to
be given to students.
Our study has some limitations. The total sample size of the study is 32, with 30
used for analysis. Although the results suggest a signiﬁcant difference in the generative
learning behaviors between conditions, the overall effect might be not representative of
the population due to the insufﬁcient sample size. In addition, following the teacher’s
regular practice, the pre and posttests consist of the same questions in different orders,
and thus there may have been a testing effect. Further, to adapt the class schedule, our
study lasted 20 min per day for 5 days, leaving the students another 20 min for other
class activities like group projects, presentations, etc. These additional resources might
have caused unpredictable variance within the learning effects. Nevertheless, we
believe our results point to the need for future research on how generative strategies can
be supported within interactive learning environments.

6 Building an Intelligent Model
Based on our results, we can build an intelligent model that assesses in real-time
whether a student is pursuing generative strategies. The core part of our system is the
constraint modeler, which compares student interactions with a set of pre-deﬁned
constraints and determines what constraint students violate. Based on the overall
generative score metric developed above, we propose potential constraints as follows:
1.
2.
3.
4.
5.

x% of the links in the concept map are cross links.
Student navigates to previous pages after reading y pages consecutively.
Student adds concept map nodes after reading z pages.
Student switches attention between concept map and textbook after k actions.
Student uses the hyperlink feature every t actions.

Here, variables x, y, k, z, t depend on the learning context, for example, total pages
of the textbook, learning proﬁciency of students, learning period, and objectives.
Within our context, we can infer some possible values based on the behavioral data
from the hyperlink condition. In the hyperlink condition, the average cross link percentage is 44.73. Thus, we can use 44.73 as a base value for x. Depending on different
goals and objectives, these parameters can be varied. For example, a base value for x is
44.73, but when assisting students with less experience with generative strategies, we
can lower x to prevent the system from giving extensive feedback. Based on the
discussion above, we believe that it may be highly beneﬁcial to provide feedback based
on these constraints. In our system, constraints are evaluated after every student action
and a student model is updated in real time. Feedback is given when the student model
exceeds a certain threshold. For example, if a student constantly reads consecutively
without navigating back, which violates constraint 3, a possible feedback message
would be “I noticed you’ve been reading for a while. Are there any important concepts
that you would like to add to the concept map?”
Our proposed system leverages research on constraint-based tutoring systems [20]
to offer an efﬁcient way of modeling generative learning in concept mapping, but
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differs from traditional constraint-based models (CBM) in the ways constraints are used
and feedback is given. Traditional CBMs are developed based on Ohlsson’s theory of
learning from performance errors [17] and constraints are assessed during each problem
solving state and feedback is given after each task. However, providing feedback on
generative strategies might be more helpful if it’s immediate, that is, as students are
constructing the concept map. Therefore, in our system, constraints are used to evaluate
student behaviors and we update the student model in real time.
In this work, we have discussed how navigational support and visual aids in
concept mapping supports generative learning. The strength and novelty of our system
lies in its ability to facilitate student in comparing and connecting concepts across
pages. Although our study has some limitations, our results indicate that the hyperlink
feature facilitates generative strategies, and the use of generative strategies in concept
mapping relates to more learning when proper navigational aid is given. Based on these
ﬁndings, we propose a constraint based feedback system that has the potential to
support students in developing generative leaning strategies. These ﬁndings suggest
future promising opportunities for developing adaptive technologies to support generative strategies during a variety of learning activities.
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