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Abstract

Network-accessible hypermedia environments offer the potential for radically changing the nature of education by providing students with self-paced access to digital repositories of course information.  However, much research is still required to identify ways to best  organize, present, and index multimedia information to facilitate use and learning by students.  We have been developing a theory of design for educational multimedia, which is based on cognitive aspects of the users of that information.  Design based on “cognitive media types” appeals to the particular cognitive aspects of learners.  In contrast, design based on “physical media types” appeals to particular symbol systems or sensory modalities.
To evaluate our theory of cognitive media types, we have taken a 3-pronged approach: design, empirical evaluation, and analysis of student models.  In this paper, we focus on the third component of our approach: a model of student usage and learning with cognitive media.  This model, based on the GOMS methodology, helps us better understand the usability of our system, and how it may support and hinder student learning. Furthermore, our user model provides feedback on our theory of cognitive media, and offers suggestions for the design of effective hypermedia learning environments.

1.  Introduction

Recent advances in the computing technologies have made it possible to incorporate various kinds of new media, such as video and animations, into network-accessible hypermedia environments.  These new hypermedia systems are gradually becoming part of mainstream living and education.  In particular, they offer the potential for radically changing the nature of education by providing students with self-paced access to digital repositories of course information.  While it is generally acknowledged that increased access to multimedia information affords many benefits, it would be naive to assume that greater access to information implies a greater ability to learn from and process such information, and hence to increase the level of knowledge.  Of concern, therefore, are the most effective ways to organize, present, and index multimedia information to maximize use and learning by students.
How can designers of a hypermedia system help users learn from such software?  We argue that the method of information access should be based on cognitive aspects of the users of that information (Recker, Ram, Li, Shikano, & Stasko, 1995a).  “Cognitive media types” appeal to the particular cognitive aspects of learners.  In contrast, “physical media types” appeal to particular symbol systems or sensory modalities.  As we will explain, we argue that rather than base the design on “physical media types,” design, navigation, and indices in hypermedia systems should be based on “cognitive media types.”
To evaluate our theory of cognitive media types, we have taken a 3-pronged approach: design, empirical evaluation, and user model analysis.  We have developed a system called AlgoNet (Recker et al., 1995a), which contains instructional material targeted for undergraduate computer science and engineering students.  AlgoNet provides to students definitions, examples, exercises, case studies, organized as cognitive media types.  Secondly, we conducted empirical studies of the system, involving university students (Recker, Ram, Shikano, Li, & Stasko, 1995b).
In this paper, we focus on the third component of our approach: a model of the data collected inour empirical study.  This model, based on the GOMS approach (Card, Moran, & Newell, 1984), helps us better understand the usability of our system, and how it may support and hinder student learning.  Furthermore, our user model provides feedback on our theory of cognitive media, and offers suggestions for the design of effective hypermedia learning environments.
We begin by briefly describing our system and results from the empirical studies.  The remainder of the paper focuses on our user models of students’ browsing patterns based on the actual data.

2.  Cognitive Media Types

In developing a multimedia environment, an important consideration is how information can be accessed.  We argue that the method of information access should be based on cognitive aspects of the users of that information, rather than on the physical aspects of that information (Recker et al., 1995a).  These media types, called cognitive media types, include abstract principles, explanations, examples, and so forth.  In other words, the cognitive media types appeal to how a learner thinks or reasons rather than which modality or symbol system that particular learner uses to retrieve information.  For example, case studies, a type of cognitive medium, facilitates the case-based reasoning approach to problem solving (Kolodner, 1993).
The learning strategies and cognitive processes used by the students determine how external information is integrated and applied.  For example, students who explain course material to themselves show superior performance compared to those who do not engage in self-explanation (Chi, Bassok, Kewis, Reimann, & Glaser, 1989).  By providing cognitive media types, the system helps learners use specific learning and reasoning strategies in order to better understand the materials.
We are still developing a taxonomy of cognitive media types and how they can be presented within the framework of physical media types.  Our taxonomy needs to flexibly expand as a new theory of cognition and instruction emerges.  For example, interest has grown in using problem-based learning.  The problems used in problem-based learning encourage learners to identify learning issues and to seek more information.  Research shows that students in a problem-based learning curriculum become more interested in the subject and engage in self-directed learning (Norman & Schmidt, 1992).  Such activities cannot be expected from looking at the physical presentation of information.  We need to look at students’ overall activities that can be facilitated by hypermedia environments based on cognitive theories of learning.  We believe that cognitive media types foster students’ ability to build and employ effective learning strategies.

3.  AlgoNet
3.1 Overview of AlgoNet

To evaluate our theory of cognitive media types, we built a hypermedia system, called AlgoNet, to teach basic graph concepts and graph algorithms to introductory undergraduate engineering and computing students.  AlgoNet was written in CSET, the scripting language for  the MultiMedia Education Delivery System (MMEDS)  (Li, Gallant, & Stasko, 1994).  MMEDS is a multimedia authoring tool that runs on workstations under X/Motif.  It provides various tools for authoring and presenting multimedia-based information.  The system supports the presentation of text, audio, still graphics, animations, and other arbitrary programs.
AlgoNet consists of 57 nodes that are hierarchically organized into three modules: (a) a glossary, (b) applications, and (c) case studies, with a overview node that shows the overall structure of AlgoNet.  AlgoNet provides three sets of navigational buttons and one set of control buttons: (1) topic buttons, (2) cognitive media buttons, and (3) system buttons; and (4) flow control buttons, respectively.
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Figure 1.  Example node of Edge Weights.
Figure 1 shows the “Example” node of the “Edge Weights” in the glossary module.  For each topic in this module, we provided two cognitive media types: a definition and an example.  In addition, some nodes, such as “Edge Weights,” include an additional interactive exercise.  The goal of learners in this glossary module is to understand the concepts used in graphs and graph algorithms and to identify specific components of graphs using examples.
In “Applications,” we provided two widely-used procedures in engineering and computing fields, the minimum spanning tree and the shortest path algorithms.  Each algorithm is explained with cognitive media types, “Definition,” “Example,” “Algorithm,” and “Exercise.”  The algorithm node shows a particular implementation of the algorithms.  Figure 2 shows the “Visualization” node for Kruskal’s algorithm.  In visualization nodes, learners can play, stop, and repeat the animations that run specific algorithms.  In exercises, learners actively construct graphs and run the specific algorithms to see how the algorithms work.
In addition to buttons for topics and cognitive media types, we provided system buttons, at the upper-left corner of the AlgoNet window, which allow users to go back to the top-level node or to the previous screen.  They are “Origin,” and “Back,” respectively.  Moreover, flow control buttons are provided below the cognitive media buttons for controlling the current screens.  The flow control buttons include “Play,” “Pause,” “Rewind,” and “Quit,” represented using familiar icons.
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Figure 2.  Visualization of Kruskal's Algorithm.
There are two ways to start a node.  One is click on the “Play” button in the flow control, and the other one is use the middle mouse button when choosing a topic or a media type.  Although we explicitly described use of the middle mouse button, many people used the left mouse button to visit a node and pressed the “Play” button to start that node.

3.2.  Empirical evaluation of AlgoNet

To evaluate our theory and design, we conducted an empirical study of AlgoNet.  Since we were interested in the effect of cognitive media types on students’ learning, we built two versions of AlgoNet:  one using cognitive media types, and one using physical media types.  The difference between these two versions was in the labels used by media buttons.  In the cognitive version, these media buttons were “Definitions,” “Examples,” “Exercises,” and so forth.  In contrast, the media types for the physical version were “Text,” “Figures,” “Diagrams,” and so on.
Students were 111 volunteers from 2 introductory-level computer science courses, of which 81 were drawn from the first course and 30 from the second follow-on course.  Prior to using AlgoNet, students read a manual describing the system.  They were then asked to navigate through AlgoNet and to learn the materials.  The students ended the session by answering a post-test questionnaire.
In brief, the evaluation of AlgoNet revealed that students in the first course did not benefit from having cognitive media.  In contrast, those in the second class performed better when they used cognitive media as an information access method.  Detailed analyses of students' performance are discussed elsewhere (Recker et al, 1995b).

4.  GOMS User Models of AlgoNet
4.1  GOMS model analysis

GOMS model analysis is a tool for evaluating user interfaces (Card, et al., 1983; Kieras, 1988).  The analysis is done by counting the number of steps required to accomplish a given set of tasks.  A GOMS model specifies goals, methods to accomplish the goal, operators that can be used in methods, and selection rules for choosing appropriate methods.  In a hypermedia learning environment, the goal of learners is to navigate through the system and learn or retrieve information necessary to understand or solve a given problem.  The methods may be information retrieval procedures using some operators, such as clicking mouse buttons.
In hypermedia learning systems, the structure of the system should be visible to learners.  Even though the number of steps required to accomplish tasks is small, the interface is difficult to use if navigational or other functional tools are hidden from the users.  Learners using a hypermedia system are trying to acquire content knowledge and not the knowledge of how that particular interface works.  In other words, the time required to learn the interface must be kept to a minimum.
Kieras and Bovair (1986) used production rules for GOMS analysis.  They suggest that methods that share common production rules are easier to learn.  The number of GOMS statements that is required to operate the target system is considered a measure of its cognitive complexity.  The more statements, the more complex a given system is.  To make a system easier to learn, the cognitive complexity of the system must be minimized (Kieras & Polson, 1985; Bovair, Kieras, & Polson, 1990).  When a system is designed in this way, learners will learn the interface quickly and, as a result, they can focus on the content they need to acquire and build more robust learning strategies.

4.2  The modeling method

In our model, we assumed that there were four top-level tasks:  browsing Overview, Glossary, Applications, and Case Studies modules.  Thus, an ideal user only has four tasks to accomplish.  However, if a learner visited the same module several time, each visit was treated as a distinct task.
The AlgoNet system keeps a log file of all interface actions made by each user.  Based on the information recorded in the log file, we computed how long a user viewed, on average, each type of cognitive media.  We assumed that these estimates include cognitive processes such as comprehension of the material.
As part of the evaluation of our theory and of the design of AlgoNet, we modeled two kinds of users.  One was the hypothetical ideal user who knows well the interface of AlgoNet and its structural organization.  The other kind was based on actual user data, randomly selected from our subject pool.  Using our estimates and the log file data, we constructed and ran GOMS user models using the GLEAN simulation environment (Wood, 1994).    The simulation run-times were used to estimate learning time. 

4.3  The model of the ideal user

Prior to modeling individual students, we modeled a hypothetical ideal user who is familiar with the structure of AlgoNet.  This ideal user visited every single node only once except for the nodes that served as gateways to topics.  These gateway nodes did not have much content, but rather they informed users about sub-contents.  For example the root node only told users that three modules were available.  The root node had to be visited several times in order to go to different modules.  Thus, except for these “content-less” nodes, the ideal student looked at every node only once.
Since both the cognitive and the physical versions had the identical structure (the only difference was the labels for the media types) the learning time for each condition was the same.  In the model of the ideal user, 173 GOMS statements were required to navigate through AlgoNet.  
A run of the ideal model estimated about 50 minutes to learn to use AlgoNet.  This training time was computed solely by counting the number of methods.  In contrast, the execution time was computed for accomplishing particular tasks which, in this experiment, involved browsing three modules.  In other words, the training time estimates the time to learn GOMS methods of a particular system, whereas the execution time indicates the amount of time needed to accomplish the specified tasks using that system.  Since the estimates used for cognitive and physical versions were different, the simulations gave different execution time for each condition.  However, the difference was very small.  The execution time estimate of browsing through the entire AlgoNet was about 27 minutes.  However, we note that the estimates used here were based on viewing times.  These were the estimates for accomplishing the task of navigating through AlgoNet.  They do not necessarily represent the time spent to learn specific materials.
On average, our students visited 87 nodes, indicating that they made repeated visits to nodes, and took about 38 minutes.  We expected that this was because they were not familiar with our system, and because it might have taken several visits to the same nodes in order for them to understand the concepts.

4.4  Student models

We were interested in better understanding browsing strategies used by our subjects.  Since the organization of information was well structured, we expected that the students would go through AlgoNet in a manner suggested naturally by the interface.  We also predicted that those who had more relevant background knowledge in graphs and graph algorithms (i.e., students enrolled in the second course) might skip information that they were already familiar with.  We made separate analyses for the first course and the second course.  Our prediction was that since those in the first course did not know the material, their navigational pattern would be the main factor that determined their performance.  In contrast, those in the second course had some prior experience in computer algorithms, particularly the materials covered in the first course, so they would skip the modules they are already familiar with without affecting their performance.
Based on subjects’ performance on the post-test, we classified the students into a good learner group and a poor learner group.  There were 21 questions in the post-test.  The mean scores of the cognitive condition for those in the first class and in the second class were 12.6 and 13.2, respectively, and the scores for those in the physical condition was 13.6 and 14.1, respectively.  However, these differences were not statistically significant.  We categorized students who got higher than 17 as good learners and those who scored less than 9 as poor learners.  We randomly picked two students from each of good-cognitive, poor-cognitive, good-physical, and poor-physical groups to compare the navigational patterns of these students.

4.4.1 Models of the students in the first course

Table 1 shows the results of building GOMS models of the selected subjects in the first course.  All of the models required a greater number of GOMS statements than the model of the ideal user, except for that of SE who skipped the entire glossary module.The individual models showed that, regardless of the media types (cognitive or physical), good performers used AlgoNet in a similar way. In particular, the good performers used the exhaustive search strategy, in which they went over the items until they saw all the nodes in a module, although there was some variability in the order of visits.  This browsing approach is a good strategy since a student can go through all the nodes without needing to explicitly keeping track of which nodes they have already visited.  
These GOMS models modeled learner browsing and navigating patterns.  As such, they provide no indication of whether this strategy also facilitated student learning and reasoning.  However, AlgoNet was structured in such a way that navigating in the suggested order facilitated information integration.  Therefore, this strategy might actually have helped the learners better organize the presented information for understanding the concepts.  Looking at the same topic from different points of view, in terms of cognitive processes involved, may have helped students better understand the material.

Table 1.  Results of GOMS simulation of individual students in the first class
Name
Group
Statements
Training time
Execution time
FT
Good-Cog
221
3757 sec
4485.6 sec
SO
Good-Cog
194
3298 sec
5256.8 sec
FF
Poor-Cog
240
4080 sec
3970.5 sec
SE
Poor-Cog
164
4920 sec
3854.0 sec
EO
Good-Phy
179
3043 sec
3099.3 sec
ET
Good-Phy
252
4284 sec
3843.3 sec
TF
Poor-Phy
231
3927 sec
2944.4 sec
TS
Poor-Phy
290
4930 sec
4444.0 sec

In contrast, poor learners used more media-driven navigation strategies.  However, it was not clear whether these learners simply had preferences for some media over others, or whether they had some specific goals that they were trying to achieve.  The user models revealed that these poor learners often came back to the same topic to look at nodes which they had not viewed in their previous visit to the topic.  They depended on the overview node to see if they missed some nodes.  Once they found unvisited nodes, they often went to these nodes.  This browsing strategy makes additional demands on working memory, as it requires learners to keep track of which nodes they have visited.
In addition, poor learners often forgot how to use AlgoNet even though they had read the AlgoNet manual before they used the system and could refer to it while using AlgoNet.  They could use either the left mouse button with the “Play” button or the middle mouse button to see a new node.  However, these students often clicked hyper-link buttons or system buttons several times before they realized that they had forgotten to press the “Play” button to bring up a current page.  These unproductive behaviors contributed to the increased number of GOMS statements in their user models.
The GOMS model analysis of these eight students revealed that all the good performers visited both Kruskal’s and Prim’s algorithms on the Minimal Spanning Tree (MST) module, whereas none of the poor students visited either of these algorithms.  These algorithms were subtopics of media nodes in the MST module.  To look at these nodes, the users needed to look at the topic buttons as well as media types.  Otherwise, they did not notice the change in the topic buttons.  Since these poor performers jumped around the modules, it may be the case that they simply missed these nodes, resulted in their poor performance on the post-test.  However, we note that the difference in the post-test scores between the good performers and the poor performers cannot be explained solely by the poor performers missing these algorithms.
The realistic training time estimates of the eight student models provided by the simulation suggest that the good performers who had a systematic navigational strategy learned to use AlgoNet faster than the poor performers, even though the good performers visited more nodes.  The poor performers, on the other hand, not only visited nodes in a random fashion,  but they also appeared to forget how to use AlgoNet.

4.4.2 Models of students in the second course

To model the learners in the second course, we used the same criteria to determine good learners and bad learners as we did for the first course.  However, we identified only one poor student in the cognitive media condition.  Table 2 shows a run of the models of these selected subjects.  The analysis of these models indicates that students in this class learned how to use AlgoNet before they started using the system.  They seemed to understand how to navigate AlgoNet, except EO who repeatedly clicked the same buttons until he realized he was using a wrong button just as poor learners in the first class did.  This is why EO’s model had three times as many GOMS statements.  However, he managed to look at most of the nodes except for the glossary module and obtained high score in the post-test.  In addition, other good learners had a similar tendency of skipping the glossary module, indicating that they knew the basics and felt it unnecessary to look at these nodes.  In contrast, poor learners skipped the application module.

Table 2.  Results of GOMS simulation of individual students in the first class
Name
Group
Statements
Training time
Execution time
EO
Good-Cog
362
6154 sec
5057.1 sec
ES
Good-Cog
141
2397 sec
2451.5 sec
ZT
Poor-Cog
178
5340 sec
3104.3 sec
EF
Good-Phy
117
1989 sec
1342.2 sec
TZ
Good-Phy
205
3485 sec
3313.0 sec
RT
Poor-Phy
136
2312 sec
1152.2 sec
OF
Poor-Phy
135
2295 sec
1851.6 sec

One way to characterize the results is that good learners appeared to look at materials they did not know, particularly the application module, and learned these materials.  In contrast, poor learners visited the glossary nodes but quit there since the glossary module covered topics they were already familiar with and assumed the other modules also contain familiar subjects.

5.  Discussion

In our research, we are interested in how a cognitive media-based system may help learners better understand the material presented in an interactive multimedia learning environment.  Our approach involves building target systems, conducting empirical studies with actual students, and building user models of subjects in our studies.
We used a GOMS model approach to analyze the navigational patterns of good and poor performers in our empirical studies.  The models suggest that the good novice performers employed a systematic strategy of going through all the nodes simply by following the nodes.  This allowed the learners to focus on the contents described in each node without worrying about the next nodes they need to visit.  In contrast, the browsing pattern of the poor learners seemed more or less random.  This may have prevented them from understanding concepts enough to answer the post-test questions.  The difference between these two groups are shown as the difference in the training time to learn to use AlgoNet.  Those who employ a systematic strategy do not require as much time to learn the AlgoNet interface.
From a design point of view, when using both topic buttons and media buttons, the interface needs to make obvious to users which node they are currently browsing and which nodes they have already visited.  In short, the interface needs to act as working memory navigational aid.
In addition, poor learners often forgot how to use AlgoNet.  This, of course, is a severe disadvantage for an educational software system.  In AlgoNet, learners were provided with two methods of starting a node:  left mouse button click with the “Play” button, and the middle mouse button click.  Although we provides these two methods for users’ convenience, the existence of two different methods might have confused the users, especially the poor learners.
In contrast, students in the second course had different strategies.  The good learners skipped the glossary modules which they had learned in the first course or elsewhere and focused on the application nodes which they were not familiar with.  It appeared that good learners made self-diagnosis tests or self-explanations to identify which nodes needed to be visited in order to learn.  The poor students, however, made a different decision after they visited the glossary module.  They assumed that they knew the materials covered in the rest of the modules and quit AlgoNet without acquiring new information.
Textbooks have a distinct order of laying out subjects, and the level of difficulty increases as students go through chapters.  Thus, students with some background can tell how much they can skip to get to the unfamiliar subjects.  In AlgoNet, however, there is no concept of order of learning or node visit.  Our intention is to provide different types of cognitive media so that individual learners can choose the appropriate media.  People who prefer a case-based reasoning approach may start from the case module or go to the application module to see what these algorithms are used for, and then come back to the theoretical aspects, whereas those who prefer a theoretical approach may learn basic graph concepts first by visiting the glossary module.  This may lead some students to the illusion that they know all the materials covered in AlgoNet since the modules they first visit contain familiar concepts.  This suggests that AlgoNet (and other educational systems) need a self-diagnosis node that students can use to reflect on their understanding and determine which nodes to visit.
One final comment on using GOMS modeling is that the method is designed to evaluate the usability of a particular system, and not the learnability of the content.  The method cannot capture user learning or changes in navigational strategies.  Our analysis suggests that good learners change strategies after making a mistake when clicking on a button.  Although they switch to a more efficient strategy, we had to code our GOMS model as using a different method.
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